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Summary
Human babesiosis, spread by the Babesia microti pathogen, is an emerging
vector-borne disease transmitted by the Ixodes scapularis tick in the United States.
The number of babesiosis cases has been increasing leading to the classification
as an “emerging health risk” by the Center for Disease Control. The reasons for
emergence remain largely unknown.
This thesis presents multi-host, multi-pathogen mechanistic models that ex-
plain the zoonotic emergence and persistence of human babesiosis and the Babesia
microti pathogen in the United States. A model for the basic reproduction num-
ber, R0, and a compartment-type model, combine the seasonal dynamics of tick
phenology and within host dynamics in the vertebrate host to identify the key
factors that determine emergence and persistence of the Babesia microti pathogen
and hence human Babesiosis.
It is found that survival of the immature life-stage of the Ixodes scapularis
tick, the probability of feeding on the primary vertebrate host (the white-footed
mouse, Peromyscus leucopus) and interactions among pathogens, particularly co-
infection with Borrelia burgdorferi the causative agent of Lyme disease, in multiply
infected hosts can strongly influence emergence. Successful transmission of Babesia
microti from one generation of ticks to the next is linked to overlap between the
host-seeking activities of the larval and nymphal life-stages of the tick vector, and
co-aggregation of these life-stages on white-footed mouse. This contrasts with
other vector-borne pathogens where it is typically the abundance of the vector or
host, the vector-to-host ratio or the biting rate that are the factors which determine
xiii
conditions for emergence.
The mechanistic models derived in this work are transparent and almost all
parameters can be measured directly by laboratory or field studies. Such data
are used in this thesis to define ecological conditions for the emergence of Babesia
microti and to explore the variation between an island site and a mainland site in
the north-eastern United States.
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Introduction

Introduction
Introduction
The Public Health Problem
Tick-borne diseases account for the majority of cases of vector-borne disease in
the United States. Of particular importance are those diseases transmitted by
the Ixodes scapularis tick, which are undergoing a process of range expansion
in the north-eastern and upper-midwestern United States (White et al., 1991;
Diuk-Wasser et al., 2010). Coincident with this range expansion has been the
emergence of at least six new zoonotic diseases of humans caused by an array of
microbial agents: Lyme borreliosis, human babesiosis, human anaplasmosis, deer
tick encephalitis and Powassan encephalitis, B. miyamotoi borreliosis, and deer
tick ehrlichiosis (Centers for Disease Control and Prevention, 2013).
With an estimated 32,000 cases in 2012, Lyme disease, caused by the Borrelia
burgdorferi pathogen, is not only the most common tick-borne illness but also the
predominant vector-borne disease in the United States. Case report data from
2001 to 2011, Figure 1.1, has seen rapid expansion across 13 states with an associ-
ated nationwide economic impact of $203 million (2002 US dollars) (Zhang et al.,
2006). The high prevalence of this disease in the north-east and upper-midwestern
regions is due to the presence of suitable reservoir hosts, primarily, white-footed
mice Peromyscus leucopus (Donahue et al., 1987) and the re-establishment of deer
populations (Levi et al., 2012).
Human babesiosis, caused by the Babesia microti protozoan, is a potentially
fatal disease. It shares the vector and vertebrate host reservoir of B. burgdor-
feri. While the distribution of cases of Lyme disease has expanded significantly
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Figure 1.1: Center for Disease Control map of reported human cases of Lyme
disease in the United States from 2001 and 2011 (Centers for Disease Control
and Prevention - National Center for Emerging and Zoonotic Diseases, Division
of Vector-Borne Diseases, 2012). Geographical range expansion can be seen
across 13 states. 1 dot is placed randomly within the county of residence for a
confirmed case.
across the north-eastern United States, the distribution of cases of babesiosis has
expanded at a much slower rate but along a similar trajectory. Case report data
suggests that the continued expansion of babesiosis will follow that of Lyme dis-
ease, Figure 1.2. As more areas become endemic for B. microti, the public health
burden of human babesiosis may approximate that of Lyme disease. The reasons
for the slower range expansion of human babesiosis remain unclear.
Given that the same hosts transmit the causative agents of both Lyme dis-
ease and human babesiosis the differences in spread shown in Figure 1.1 and 1.2
allude to underlying differences in the transmission dynamics. It is not well under-
stood which mechanisms are driving the emergence and range expansion of human
babesiosis which makes it difficult to draw comparisons. Consequently, it is un-
known which processes limit the rate of expansion of babesiosis compared to that
of Lyme disease.
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Figure 1.2: Center for Disease Control map of the incidence per 100,000 people
of human babesiosis in the United States in 2011 (Centers for Disease Control
and Prevention, 2012). Geographical range can be seen to coincide with regions
of Lyme disease from Figure 1.1.
The Mathematical Modelling Problem
Mathematical models of infectious diseases can be used to determine the underlying
causes of outbreaks and used to inform control interventions (Anderson and May,
1991). However, building mathematical models of tick-borne disease transmission
that are not simulation models is difficult. The reasons are outlined by Hartemink
et al. (2008) and center around the unique biology and life-cycle of ticks as unlike
other vectors ticks feed once per life stage. The biology and life-cycle are detailed
in Chapter 2.
For most tick-borne pathogens, including B. microti, additional complexities
arise because there are multiple vertebrate host species that feed the tick vector
and only some of those host species develop systemic infection and only some are
5
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competent transmitters of the pathogens. There are also multiple pathogens and
multiple transmission routes. The modelling challenge then is to define a model
that (i) captures the biology of the transmission cycle (ii) has parameters which
can be estimated with field and laboratory data and (iii) has a minimum number
of parameters and assumptions so that the model can be validated.
It is important to have models that are simple but still capture the dynamics of
the system. Such models complement agent-based or individual based simulation
models that have previously been proposed for tick-borne pathogens (see Ogden
et al. (2007) and Schauber and Ostfeld (2002) for examples) and are more likely
to lead to true interaction between modellers and data collection.
Research question, approach and justification
The research question proposed in this thesis is “what are the key factors that
determine emergence and persistence of the Babesia microti pathogen and hence
Human Babesiosis?”. The principle objectives of this study are to build mathe-
matical models that predict the emergence and persistence of Babesia microti and
identify the key factors driving these processes in the north-eastern United States.
Mathematical modelling allows for the identification of factors which increase the
risk to humans from a tick bite. There are two risk measures (i) whether a dis-
ease is present in a given area, which can be found using a model for the basic
reproduction number, R0, and (ii) the number and proportion of infected ticks in
an area (the prevalence), which can be found using a compartment model. The
objectives are achieved by combining laboratory and field data with two modelling
approaches:
6
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• The basic reproduction number, R0. This is defined as the expected number
of secondary cases produced by a single infected individual over the course of
the individual’s infectious period in a fully susceptible population. A model
for R0 can be used to predict whether a pathogen will be present or absent,
with R0 > 1 indicating a pathogen will emerge and spread when introduced,
while R0 < 1 implies that the pathogen will inevitably fade out. Parameter
values that lead to R0 < 1 can be identified as limiting spread and extinction.
• A compartment type model for the dynamics of infection in ticks and ver-
tebrate hosts. The prevalence level, in ticks, represents the probability of a
human becoming infected given they have been bitten by a tick. A compart-
ment model is required to make predictions about whether an equilibrium
prevalence is reached and what this level of prevalence is.
In both cases, the models are mechanistic (all parameters have clear biological
interpretations) and hence the analyses suggest ecological or biological conditions
that might be driving the emergence of B. microti. Identifying these will aid
understanding of invasion, persistence and prevalence.
Contents Overview
Chapter 2 of this thesis details the literature on tick-borne pathogen transmission
in the USA and provides an explanation of the transmission cycle of B. microti.
Additionally, this chapter provides an overview of the mathematical approaches
for modelling (i) the basic reproduction number and (ii) prevalence for multi-host
transmission cycles. This chapter puts the thesis in the context of the current
modelling literature.
7
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Chapter 3 formulates a mechanistic model for the basic reproduction number,
R0, using direct epidemiological reasoning. In particular, the model takes into
account the transmission efficiency from the vertebrate host as a function of the
days since infection, in part because of the potential for this dynamic to interact
with tick phenology, which is also included in the model. Using available field
datasets from two locations (with geographical variation in tick phenology) site
specific estimates of R0 for B. microti are obtained.
Chapter 4 defines suitable ranges for the parameters of the R0 model, all of
which have a clear biological interpretation and can be estimated from laboratory
or field data. Assuming uniform distributions across the ranges, a global sensitivity
analysis of the model is performed. Sobol’s indices are used to rank parameters
by their contribution to the variation in R0.
Chapter 5 makes use of laboratory experiments that assess the transmission
efficiency of B. microti from white-footed mice to I. scpularis ticks to study in-
teractions between pathogens within the white-footed mouse host. The effect of
coinfection of B. microti and B. burgdorferi on R0 is measured.
Chapter 6 makes use of mammal trapping data where tick burdens on white-
footed mice were observed. The co-aggregation of the immature life-stages of the I.
scapularis tick was incorporated into the expression for R0 to measure the influence
that co-aggregation could have on the emergence of B. microti.
Chapter 7 presents a novel compartment model for the prevalence level of B.
microti in hosts. A discrete model for the force of infection from ticks to mice is
combined with a continuous system of ordinary differential equations. The system
is numerically solved to determine the equilibrium infection prevalence in ticks as
a measure of the risk to humans from a tick bite. Conclusions and future work are
8
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discussed in Chapter 8.
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Introduction
This chapter contains the necessary background information needed to derive the
models developed in this thesis. Firstly, the important biological literature on
the tick-life cycle and transmission dynamics of tick-borne pathogens is given. In
the second section, the underlying modelling techniques, drawn from the extensive
mathematical epidemiology literature, are detailed.
There are a multitude of modelling techniques used to study infectious disease
systems. This review describes the approaches that have been used for tick-borne
pathogens, and the two broad techniques used in this thesis to make predictions
about the distribution and dynamics of infectious disease.
The first of these techniques makes use of the basic reproduction number, usu-
ally denoted by the symbol R0. This quantity is used extensively in mathematical
epidemiology and, in the simple case of a single host population, is defined as the
expected number of secondary cases arising from a single primary case in a fully
susceptible population. R0 > 1 provides a threshold condition for emergence.
The second broad technique divides one or more host populations into a set
of compartments representing the different states of infection for each population,
between which individuals can move as an epidemic takes its course. Such models
are represented as a coupled system of ordinary differential equations and are
used to predict the dynamics of the epidemic in the host population. In the case
for which a pathogen becomes endemic, and a stable equilibrium is reached, a
compartment model can predict the long-term prevalence in the host population.
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Tick-borne Pathogen Hosts and Transmission Routes
Hosts
Tick-borne pathogens rely on at least one tick vector and at least one vertebrate
host for transmission and persistence. The tick Ixodes scapularis is the primary
disease vector for six tick-borne pathogens in the north-eastern United States that
infect humans (Mather et al., 1989; Piesman and Spielman, 1982). I. scapularis
ticks have a two year, four stage life cycle, which is shown in Figure 2.1. The
life stages are egg, larva, nymph and adult. Eggs hatch into larvae which emerge
to quest for a vertebrate host in late spring. Once attached to a host, larval
ticks take a single blood meal over the course of several days. They then drop
off, moult over winter and return the following spring as nymphs. The same
behaviour (questing, feeding, moulting) is required for the nymphal tick to develop
to adulthood, although the process occurs faster, such that fed nymphs emerge as
adults later within the same year. Adult females feed on larger mammals, almost
always on white-tailed deer (Odocoileus virginianus), reproduce and then lay eggs
in the leaf litter. Tick phenology refers to the seasonal cycle of I. scapularis tick
activity, an example of which is provided in Figure 2.2.
Although there can be different hosts for the I. scapularis tick, it is well estab-
lished that the white-footed mouse (Peromyscus leucopus) is the main vertebrate
host of the immature, larva and nymph, life stages (Levine et al., 1985). Larger
mammals, primarily white-tailed deer, play host to the adult tick. A review of
other host species can be found in Brunner et al. (2011) and LoGiudice et al.
(2003).
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white-footed mouse white-footed mouse
white tailed deer
Figure 2.1: The life cycle of the Ixodes scapularis tick. The life-cycle is a
two year, four stage cycle. The life stages are egg, larva, nymph and adult.
Larvae and nymphs take a single blood meal by attaching to a vertebrate host;
female adults take a third blood meal. The two main vertebrate hosts are white-
footed mice (Peromyscus leucopus) for the immature life stages and white-tailed
deer (Odocoileus virginianus) for adult ticks. These are shown alongside the
corresponding tick life-stage.
Transmission Routes
There are three possible transmission routes for tick-borne pathogens: systemic,
transovarial and non-systemic.
Systemic transmission or horizontal transmission is the process whereby the
pathogen is transferred from an infected tick during feeding to a suscepti-
ble uninfected vertebrate host. This host then transmits the pathogen to
15
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Figure 2.2: The representative densities (per ha) of the Ixodes scapularis larva,
nymph and adult ticks over the course of one year starting January 1st. Adults
are active throughout the year with brief periods of inactivity in the summer.
Nymphal activity is in early in spring and declines into summer. Larvae emerge
later in the spring with a brief period of inactivity in summer. The immature
stages are inactive during winter months. Representative tick densities derived
from field data and Ostfeld et al. (1996).
susceptible uninfected ticks who feed at a later point in time, Figure 2.3a.
This transmission route accounts for almost all pathogen transmission of B.
burgdorferi (Piesman and Gern, 2004) and B. microti (Hunfeld et al., 2008).
White-footed mice are the most competent host for systemic transmission
of B. burgdorferi (Mather et al., 1989; Piesman and Spielman, 1982) and B.
microti (Spielman et al., 1981; Healy et al., 1976; Etkind et al., 1980).
Transovarial transmission or vertical transmission occurs when infected adult
female ticks produce infected offspring (eggs), Figure 2.3b. In a review of
transovarial transmission rates for B. burgdorferi, Rollend et al. (2013) con-
cludes that transmission from adult female to offspring is incredibly rare.
This is supported by the largest collection of I. scaularis larvae in the re-
gion (Massachusetts, USA) where only 0.53% of larvae were infected with B.
16
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burgdorferi (Piesman, Donahue, Mather and Spielman, 1986) and even then
this figure is disputed (see estimates of transovarial transmission efficiency
in Davis and Bent (2011)). Transovarial transmission occurs in the large
Babesia spp. but not in B. microti (Gray et al., 2010, 2002; Uilenberg, 2006;
Oliveira and Kreier, 1979).
Non-systemic transmission also results in transmission from tick to tick but
instead ticks transmit the pathogen directly to each other without a systemic
infection developing in the vertebrate host. This occurs when a second tick
feeds in close physical proximity to the site at which an infectious tick is
feeding or has just fed. If the second tick becomes infected then this is
referred to as co-feeding transmission (see Figure 2.3c). Piesman and Happ
(2001) found that co-feeding transmission did not significantly contribute to
the maintenance of Lyme disease in the USA and so far there is no evidence
to suggest that co-feeding is a possible transmission route for B. microti.
Non-systemic Systemic 
Hor zontal
Transovarial 
Verticalri t l
a) b) c)
Figure 2.3: The three possible routes of transmission for tick-borne pathogens
for one vertebrate host: a) Systemic or horizontal transmission (tick to host to
tick) b) Transovarial or vertical transmission (adult tick to eggs) and c) Non-
systemic transmission (tick to tick through co-feeding).
17
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Additionally, transstadial transmission the process of an infected tick remaining
infectious when it moults and emerges at the next life stage is a prerequisite for
any transmission.
Mathematical Epidemiology
The basic reproduction number R0
The basic reproduction number, R0, is an essential measure in epidemiology used
to quantify the transmission potential of a pathogen. It is a dimensionless quan-
tity that represents the expected number of secondary cases produced by a single
infected individual over the course of the individuals infectious period in a fully
susceptible population. R0 provides information about the initial dynamics of an
emerging disease. Most critically there is a threshold condition that determines
whether a pathogen will spread, R0 > 1, or fade out, R0 < 1, because infected
hosts do not, on average, replace themselves (these definitions and an overview of
R0 can be found in Diekmann and Heesterbeek (2000) and Heffernan et al. (2005)).
Higher values of R0 also increase the likelihood of pathogen establishment given
that infected individuals are occasionally entering a na¨ıve host population, and
hence imply a shorter time to establishment. The magnitude of R0 is also a mea-
sure of the risk of an epidemic and indicates the level of effort needed to control
or prevent an epidemic. In single host systems the vaccination rate, V , required
to prevent an epidemic, is V = 1 − 1
R0
(see Diekmann and Heesterbeek (2000) p.
235).
In this thesis, and more broadly, the view of Diekmann et al. (2010) is adopted:
18
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that, it is most natural, and often easier, to arrive at an expression for R0 by way
of ‘direct epidemiological reasoning’ using the assumptions and specifications of
the model. The latter are naturally based on the biology of the disease system of
interest. For example, the simplest case is a single host system where R0 typically
depends on the infectious period, the probability of transmission and the contact
rate among individuals (Dietz, 1993). In such a system, after being infected a host
becomes infectious at time T1 and then recovers at time T2. If the expected number
of contacts per unit time, where the contacts are of the type that are suitable for
transmission, is denoted c, and the probability of transmission given contact is a
constant p, then
R0 = p c (T2 − T1). (2.1)
For more detailed assumptions about the contact process or the probability of
transmission or the biology of the disease system, the expression for R0 becomes
increasingly complicated. In particular, the definition of R0 for multi-host disease
systems is less straightforward because it must somehow average over the various
hosts if it is to be a single number. The most obvious such pathogens are vector-
borne pathogens. These difficulties were resolved by the next-generation matrix
approach proposed by Diekmann et al. (1990). To construct a next-generation
matrix (NGM), all individuals from a population are separated into groups based
on a set of traits. These traits must be fixed for the entire time a host is infectious
(such as species) but such traits can also be the age at infection or gender or even
location if this is fixed. These groups of infected individuals are called host-types
defined by their ‘type-at-birth’ where birth refers to the birth of the infection not
19
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the individual.
The methodology proposed by Diekmann and Heesterbeek (2000) characterizes
R0 as a demographic process whereby transmission results in consecutive gener-
ations of infected individuals, offspring in the sense of creating new infecteds. If
consecutive generations increase in size, the population of infected individuals is
growing and hence there is an epidemic, corresponding to R0 > 1.
The NGM, denoted by K, relates the expected numbers of infected (and in-
fectious) individuals (of each host type) in generation n + 1 to the numbers of
infected (again, of each host type) in generation n. If an individual belongs to the
nth generation this means that the chain of infection from the primary case to the
individual consists of n transmission events. At any point in an epidemic there
may be many overlapping generations. This serves to highlight that the next-
generation approach does not attempt to model growth of the infected population
over real time, and that R0 is a number not a rate. R0 is then defined to be the
dominant eigenvalue of the NGM (Diekmann et al., 1990).
For tick-borne pathogens Hartemink et al. (2008) distinguished five types-at-
birth: a tick infected as an egg (transovarial transmission), a tick infected as a
larvae (during its first blood meal), a tick infected as a nymph (during its second
blood meal), a tick infected as an adult female (during its third blood meal) and
systemically infected vertebrate hosts. With five types-at-birth and all three routes
of transmission possible then the NGM, K, is a 5 × 5 matrix,
20
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K =

k11 k12 k13 k14 0
k21 k22 k23 0 k25
k31 k32 k33 0 k35
k41 k42 k43 0 k45
k51 k52 k53 0 0

, (2.2)
where the entries kij are defined as the expected number of hosts of type-at-
birth i produced by one individual of type-at-birth j over its entire infectious
period. A non-zero entry for kij indicates transmission between two host types.
Explicit formulas for each of the kij are provided in Hartemink et al. (2008).
Values of parameters and additional analysis of the components of this model are
given in Matser et al. (2009) which found that (i) the contribution of transovarial
transmission to R0 was weak for most of the pathogens considered and (ii) of the
pathogens considered, B. burgdorferi produced the highest values of R0.
For a subset of tick-borne pathogens in North America, a more complicated
next-generation matrix having 4 tick host types and 3 vertebrate host types was
proposed that incorporates the seasonal tick activity (Davis and Bent, 2011). The
4 tick host types correspond to the same tick host types defined by Hartemink et al.
(2008). The definitions for the 3 vertebrate host types – a vertebrate host infected
by a larvae, a vertebrate host infected by a nymph and a vertebrate host infected by
an adult – is what allows the seasonal activity of the ticks to be taken into account
because the different tick life stages now create separate classes of (vertebrate)
infecteds. The host types and transmission possibilities are represented by the
transmission graph given in Figure 2.4. The corresponding NGM is
21
Chapter 2
K =

k11 k12 k13 k14 0 0 0
k21 k22 k23 0 k25 k26 k27
k31 k32 k33 0 k35 k36 k37
k41 k42 k43 0 k45 k46 k47
k51 0 0 0 0 0 0
k61 k62 0 0 0 0 0
k71 k72 k73 0 0 0 0

. (2.3)
Figure 2.4: The full transmission graph for pathogens of I. scapularis with
seasonal tick activity (phenology) by given by Davis and Bent (2011). Each
node is one type-at-birth host and each arc corresponds to the possibility of
transmission between hosts. For example, the 2-6-2 loop represents the trans-
mission cycle between a tick infected at its first blood meal and a host infected
by a nymph.
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Davis and Bent (2011) further used loop analysis to decompose the transmis-
sion cycle graph (Figure 2.4) into a set of distinct pathogen pathways. They then
used loop elasticities to compare the contributions to R0 of each of the transmis-
sion pathways. It was deduced that there was just one loop in the transmission
graph, involving only host type 2 and host type 6, that accounted for almost all
transmission of B. microti and hence almost all new infected hosts (this finding
also applied to B. burgdorferi and A. phagocytophilum). This loop represents
transmission back and forth between ticks infected during their first blood meal
and vertebrate hosts acquiring a systemic infection (see Figure 2.5). Note that a
tick infected during its first blood meal (as a larva) is only infectious when it takes
its second blood meal (as a nymph). Such ticks are also infectious as adults but
(i) only females take a third blood meal and (ii) almost all of these are taken from
white-tailed deer who do not play a role in transmission. The reduced NGM with
just two types-at-birth and a change of indices is then
K =
 0 k12
k21 0
 . (2.4)
Now the dominant eigenvalue of the reduced matrix K is R0 (ignoring the
contributions from all other loops), and is the geometric mean of k12 and k21.
Hence, taking into account only the transmission between ticks infected during
their first blood meal and vertebrate hosts infected by a nymph,
R0 =
√
k12k21. (2.5)
It is this reduced NGM (and approximation for R0) that is used for the further
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Figure 2.5: Representative generation basis of R0 for one vertebrate host.
Transmission is from an infected nymphal tick to a mouse to a larval tick which
emerges the next year as an infected nymphal tick.
study of emergence of B. microti in the United States in this thesis.
Compartment Models
While models for R0 provide insight into the threshold properties of a disease
system, and can be used to predict presence or absence, it cannot be used to study
the long-term prevalence of a pathogen where a pathogen has become endemic.
More broadly, R0 cannot be used to study the number of infecteds in the population
at any time throughout the course of an epidemic. In this context, the most widely
used modelling approach is to divide the population into so-called compartments
or classes. In the simplest case, individuals are categorised into susceptible (S),
infected (I) and recovered (R) compartments. Movement of susceptible individuals
to the infected compartment requires transmission of the pathogen and this is
characterised by a transmission rate, β. Movement from infected to the recovered
compartment, governed also by a single rate γ, occurs once the pathogen has been
cleared by the immune system and long-term immunity has been acquired by the
24
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individual. A flow chart of this process is given in Figure 2.6.
Figure 2.6: A flow chart for the standard SIR model given in Equation 2.6,
adapted from Keeling and Rohani (2008). Individuals of a population can either
be susceptible (S), infected (I) or recovered (R). Black arrows are for movement
from one compartment to the next and grey dashed arrows indicate influence
of one compartment on another.
This process can be represented as a system of coupled ordinary differential
equations. This system is known as the S-I-R model and is a standard model
in mathematical epidemiology. This model is formulated in Equation 2.6. The
standard model can be adapted to include the demography of the host population
and extended to include additional compartments and progressions.
dS
dt
= −βSI;
dI
dt
= βSI − γI;
dR
dt
= γI. (2.6)
This is the simplest compartment model and it holds under the assumption
that all individuals in the population are mixing homogeneously. Under this as-
sumption, the rate of increase of new infected individuals is proportional to the
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product of the number of susceptibles and the number of infecteds, SI, at time
t (Dietz, 1967). There are numerous extensions to this standard model that take
into account aspects of the biology or epidemiology of the disease system under
consideration.
Comparison with previous models of tick-borne pathogens
Alongside the work of Hartemink et al. (2008) and Davis and Bent (2011), which
used a next-generation matrix to define R0 for tick-borne pathogens, there have
been many other attempts to obtain explicit expressions for R0 for tick-borne
pathogens (Randolph and Craine, 1995; Norman et al., 1999; Rosa et al., 2003;
Ghosh and Puliese, 2004; Foppa, 2005; Rosa and Pugliese, 2007).
Hartemink et al. (2008) identified several drawbacks to attempting to derive R0
from a system of differential equations by using stability analyses. The first issue is
that, while such threshold quantities are useful because they coincide with R0 = 1
(and therefore identify epidemic threshold values; see, for example, Ghosh and
Puliese (2004) and Rosa et al. (2003)), it proves difficult when trying to interpret
the magnitude of these quantities in the same way as for R0, as they do not have
the same interpretation. Hence, unlike the generational basis for an R0 calculated
from an NGM, it is not possible to gauge either the likelihood of establishment or
the control effort required.
A second issue is that models such as those of Levi et al. (2012) and Foppa
(2005) fail to capture the seasonality and the aggregation of different tick life
stages on hosts. This means that an important component of the biology of tick-
borne pathogens is missing. Similarly, because the models are continuous, infected
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larvae immediately begin contributing to the transmission from ticks to mice. But
tick feeding is not a continuous process, there is strong seasonality in the activity
of different tick stages and approximately a year delay between larvae becoming
infected and when they emerge as nymphs to feed again. Not including this is a
major drawback of these models.
A model has to be fit for purpose, that is, the model must be useable in
the context of the problem at hand. In the context of this thesis, the modelling
approach that will be employed in subsequent chapters means that site specific
estimates of R0 are possible and can be validated by fieldwork. All the parameters
used have a clear biological interpretation and almost all are easily quantified
using data collected from field and laboratory studies. In contrast, the published
compartment models for tick-borne pathogens by Levi et al. (2012) and Aranda
et al. (2012) have a parameter representing the proportion of ticks that feed in a
given year (the interpretation of the β in the dynamical system). While this is
biologically true it is not a parameter that can be easily estimated in the field and
hence does not fit the purpose of this current modelling work.
Other researchers have used simulation approaches to model the dynamics of
tick-borne pathogens (see for example Wu et al. (2013), and Schauber and Ostfeld
(2002) and Ogden et al. (2007) which is based on the work of Kurtenback et al.
(2006)). Again, if the purpose of the modelling is to validate a system understand-
ing with field data, then it becomes imperative to keep the number of parameters
as low as possible. The published simulation models for tick-borne pathogens have
a very large number of parameters. Hence, whilst these models are useful in ex-
ploratory work, for B. microti using the reductions of Davis and Bent (2011) it is
possible to have biologically accurate models with low numbers of parameters.
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number, R0, for the emergence of human
babesiosis
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Chapter Overview
In this chapter a simple mechanistic model for the basic reproduction number for
Babesia microti which wholly, or almost wholly, depends on systemic transmission
to and from vertebrate hosts is developed. Additional complexity in terms of
the efficiency of transmission from vertebrate host to larval ticks as a function of
the time since infection is included. The transmission efficiencies are interesting to
include because of the observed variation between pathogens, and between strains,
and because of the potential for them to interact with the tick phenology, which is
also included in the model. This sets the model apart from previous, similar models
of R0 for tick-borne pathogens described in Chapter 2. Field data on tick burdens,
collected at two sites and two years, are furthermore fitted to phenology curves
using maximum likelihood estimation. The resulting model gives an expression for
R0 simple enough to make site specific predictions about the presence of Babesia
microti. The model has far fewer parameters compared to those in agent-based or
individual based models that have previously been proposed.
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Introduction
The model for R0 for Babesia microti (and B. burgdorferi and similar horizontally
transmitted tick-borne pathogens of the USA) is based on the next-generation ma-
trix approach for tick-borne pathogens (Hartemink et al., 2008) and an extension
which includes the seasonal activity patterns of ticks (phenology) (Davis and Bent,
2011). Davis and Bent (2011) used loop analysis to establish that for three of the
pathogens they investigated - Borrelia burgdorferi, Babesia microti and Anaplasma
phagocytophilum - it was just one loop in the transmission graph, involving only
two of the host types, that accounts for almost all transmission of the pathogen
and generation of new infected hosts. The simplification corresponds to the broad
view held in the United States that non-systemic transmission between co-feeding
Ixodes scapularis ticks and transovarial transmission from an adult female tick to
her eggs are both either absent or negligible (Piesman and Happ, 2001; Spielman
et al., 1985; Gray et al., 2002; Rollend et al., 2013).
The model includes white-footed mice as the vertebrate host, which allows the
use of data arising from laboratory experiments such as those of Derda´kova´ et al.
(2004) and Hanincova´ et al. (2008) and from field work conducted in Connecticut
and Block Island, Rhode Island, USA (Diuk-Wasser, unpublished data). These
data are used to establish meaningful ranges for some of the parameters in the R0
model. To account for larval ticks feeding on hosts other than white-footed mice
in the vertebrate community, a parameter for the proportion of nymphal ticks
feeding on white-footed mice is included. The resulting model is a surprisingly
simple expression for R0 with far fewer parameters compared to those in agent-
based or individual based models that have previously been proposed for tick-borne
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pathogens (see Ogden et al. (2007) and Schauber and Ostfeld (2002) for examples),
or compared to the full R0 model for tick-borne pathogens (Hartemink et al., 2008).
Formulation of R0
A 2-host type next-generation matrix is defined that only includes the horizon-
tal transmission routes between the predominant vertebrate host, assumed to be
white-footed mice (Peromyscus leucopus) in the eastern USA (LoGiudice et al.,
2003; Schmidt and Ostfeld, 2001), and the black-legged tick (Ixodes scapularis).
These two host types are shown in the transmission graph in Figure 3.1. Host type
1 is defined as a tick that was infected as a larvae, i.e. during its first blood meal.
Host type 2 is a vertebrate infected by a nymph. For many tick-borne disease
systems, especially those in Europe, this reduction to two host-types is not mean-
ingful or useful because ticks at older life stages may become infected, and through
alternative transmission routes such as transovarial transmission, contribute to R0
(Randolph and Craine, 1995; Randolph et al., 1996).
The directed arcs in Figure 3.1 correspond to non-zero elements in the next-
generation matrix with kij defined as the expected number of infected hosts of
type i produced by a single infected host of type j, written ki←j (Diekmann and
Heesterbeek, 2000). The next-generation matrix is then
K =
 0 k12
k21 0
 (3.1)
and R0 is the dominant eigenvalue, which in this case is simply the geometric mean
of k12 and k21,
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k12
k21
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during first blood
meal
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infected by a
nymph
Figure 3.1: The transmission graph consisting of two epidemiologically dis-
tinct host types: white-footed mice (Peromyscus leucopus) infected by an Ixodes
scapularis nymph and larvae infected by a white-footed mouse. Directed arcs
indicate transmission between the host-types and correspond to non-zero ele-
ments of the next-generation matrix.
R0 =
√
k12k21. (3.2)
The expected number of larvae (host type 1) that a mouse (host type 2) will
infect over the entire time it is infectious, k12, is constructed directly from the
biology of the tick-mouse interactions. It is essentially an average count of the
total number of relevant contacts (number of larvae taking a blood meal) over
the time a mouse is infectious multiplied by the probability of transmission from
mouse to larval tick.
E[#infected] = contact rate× infectious period× probability of transmission given contact.
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More formally,
k12 =
∫ t=365
t=0
aN(t)
∫ t′=365−t
t′=0
1
dL
p(t′) θt
′
Z¯L(t
′ + t) dt′ dt. (3.3)
The expression for k12 contains a double integral to account for the seasonal
activity of the two relevant life stages, larva and nymph, of I. scapularis. This
integral formulation allows for the seasonality to be included by averaging over all
possible times of the year that an infection may be introduced. Hence, R0 can still
be interpreted as a threshold parameter (a full discussion of seasonal infectious
epidemiology and associated formulation of R0 with seasonality, Equation 3.1 in
text, can be found in Grassly and Fraser (2006)).
The inner integral gives the average number of larvae infected by a mouse, that
was itself infected at time t, where t = 0 has nominally been chosen as January
1st. Note that t′ should be interpreted as the number of days since infection in a
single mouse. The inner integrand is a product of the expected larval burden on
mice, Z¯L(t
′+ t) (see below), mouse survival, θt
′
, and the efficiency of transmission
from mouse to tick, p(t′). Additionally, dL is a scaling parameter that accounts for
the number of days of attachment for a larvae taking a blood meal as larval ticks
attach for an average of four days.
The outer integral weights the value of the inner integral by the proportion
of host seeking nymphs aN(t) that emerge and feed at time t and so produce a
mouse infected at time t. The proportion is dependant on the time of year of
nymphal activity and is formulation using the nymphal tick burden (detailed in
the following section) such that
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aN(t) =
Z¯N(t)∫ 365
0
Z¯N(t)dt
. (3.4)
The form of k12 here differs from the previous model of Davis and Bent (2011)
because it incorporates transmission efficiency from vertebrate host to larvae as
a function of days since infection. Using laboratory observations of infectivity of
vertebrate hosts, a function p(t′) of days post infection is defined. Note that this
function incorporates transtadial transmission because the proportion of ticks in-
fected (after being placed on infected mice) is calculated after the larvae moult and
become nymphs. A representative log-normal curve for p(t′) is given in Equation
3.5 and shown in Figure 3.2. This function has parameters that control the timing
and height of peak transmission efficiency as well as the duration of the infectious
period in mice.
p(t′) = Hp e
− 1
2
[
ln
(
t′
µP
)
/σP
]2
. (3.5)
Finally, θt
′
is the survival of white footed mice t′ days after infection with
formulation given in Table 3.1. This coarsely models natural death in the mouse
population setting the lifespan to have a mean of 133 days (Schug et al., 1991).
The probability of a mouse being infected by a nymph, k21, is much simpler
and is given by
k21 = c sN qN (3.6)
where sN is the proportion of fed larvae that survive and moult to become host-
feeding nymphs; c is the proportion of ticks that feed on a white-footed mouse as
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Figure 3.2: Representative curve, p(t′), showing the efficiency of transmission
from a vertebrate host (white-footed mice) to a tick (larvae stage) as a function
of days since infection. The function is a log-normal curve with three parameters
controlling the height, width and duration.
a nymph and qN is the probability of transmission when an infected nymph takes
a blood meal from a mouse, all assumed to be constants. Substituting Equations
3.3 and 3.6 into Equation 3.2 provides the full formulation for R0 for B. microti,
R0 =
√
sN qN c
∫ t=365
t=0
aN(t)
∫ t′=365−t
t′=0
1
dL
p(t′) θt′ Z¯L(t′ + t) dt′ dt. (3.7)
Formulation of tick phenology
Brunner and Ostfeld (2008) used a set of negative binomial random variables to
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describe the numbers of larvae and nymphs on a host captured t days since the
beginning of the year. Denote these random variables as ZL and ZN respectively
referring to the numbers of larvae and nymphs, and the expected or mean tick
burdens (t days since the beginning of the year) as Z¯L(t) and Z¯N(t). The mean
burden of nymphs is modelled as a right shifted lognormal curve (Figure 3.3c) and
the mean larvae burden is modelled as an early right shifted normal curve followed
by a later lognormal peak (Figure 3.3b). The relative timing of these curves is
shown in Figure 3.3a. The functional forms have easily interpretable parameters
that control the timing, height and width of the peaks in tick burden.
Z¯N(t) =
 HNe
− 1
2
[
ln
(
(t−τN )
µN
)
/σN
]2
if t ≥ τN ;
0 otherwise,
Z¯L(t) =
 HEe
− 1
2
(
t−τE
µE
)2
if t ≤ τL;
HLe
− 1
2
[
ln
(
(t−τL)
µL
/σL
)]2
+HEe
− 1
2
(
t−τE
µE
)2
otherwise.
(3.8)
Given the high degree of aggregation of ticks on particular individuals of the
host population (see further work on aggregation in Chapter 6) the burden curves
represent the expected or average burden on a host at a particular time of the
year. The curves can be fitted to tick counts from mice captured in the field (see
below).
The activity level aN(t) of the nymphs appearing in the outer integral of Equa-
tion 3.3 is given by the normalised version of Z¯N(t),
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Figure 3.3: a) Tick burden phenology of white-footed mice. Parameters of
b) the expected larval burden and c) the expected nymphal tick burden for
white-footed mice. These burdens representing the expected burden on a host
at any given time of the year starting January 1. Functional forms of these
representative curves are adapted from Brunner and Ostfeld (2008) and given
in Equation 3.8.
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aN(t) =
Z¯N(t)∫ 365
0
Z¯N(t)dt
. (3.9)
The curves given by Equation 3.7 are fitted to white-footed mice tick counts as-
suming these data have a negative binomial distribution (within a single trapping
day), are overdispersed and zero-inflated. The curves are fitted by maximum like-
lihood estimation (MLE) (Lloyd-Smith, 2007). The likelihood function for count
data with negative binomial error structure and overdispersion is outlined below.
The maximum likelihood function for negative binomial count data
Let X represent the tick count data such that X follows a negative binomial
distribution with mean µ and dispersion parameter α, X ∼ NB (µ, α). With
known mean µ and known α the posterior density function for x is
Pr (X = x|µ, α) = Γ (x+ α
−1)
x!Γ (α−1)
(
α−1
α−1 + µ
)α−1(
µ
α−1 + µ
)x
.
The likelihood function is then, for a single point x, equal to the posterior density
function such that
L (µ, α|data [single obs x]) = Γ
(
x+ α−1
)
x!Γ (α−1)
(
α−1
α−1 + µ
)α−1(
µ
α−1 + µ
)x
.
This can be extended to give the likelihood function for all observations xi on a
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single day,
L (µ, α|data [{x1, x2, x3, . . . , xn}]) = Πni=1
Γ
(
xi + α
−1)
xi!Γ (α−1)
(
α−1
α−1 + µ
)α−1(
µ
α−1 + µ
)xi
,
and further extended for all paired observations, xi on day ti as
L (µ, α|data [(x1, t1) , (x2, t2) , (x3, t3) , . . . , (xn, tn)])
= Πni=1
Γ
(
xi + α
−1)
xi!Γ (α−1)
(
α−1
α−1 + µ(ti)
)α−1 (
µ(ti)
α−1 + µ(ti)
)xi
.(3.10)
The simplifying assumption here is that α, the dispersion parameter, does not
vary over the course of the year but µ does. Taking Equation 3.10 we now set
µ = µ(ti) = Z¯N(ti) or Z¯L(ti) as given in Equation 3.8. Therefore the likelihood
function with mean µ(ti) = Z¯N(ti) = f (HN , τN , µN , σN) and dispersion parameter
α, for all data pairs (counts of nymphal ticks xi observed on a mouse trapped at
day of the year ti), over all days is given by
L (HN , τN , µN , σN , α| {(x1, t1) , (x2, t2) , (x3, t3) , . . . , (xn, tn)})
= Πni=1
Γ
(
xi + α
−1)
xi!Γ (α−1)
(
α−1
α−1 + Z¯N (ti)
)α−1 (
Z¯N (ti)
α−1 + Z¯N (ti)
)xi
. (3.11)
Similarly, for counts of larval ticks with mean µ(ti) = Z¯L(ti) =
f (HE, τE, µE, HL, τL, µL, σL) the likelihood is
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L (HE , τE , µE , HL, τL, µL, σL, α| {(x1, t1) , (x2, t2) , (x3, t3) , . . . , (xn, tn)})
= Πni=1
Γ
(
xi + α
−1)
xi!Γ (α−1)
(
α−1
α−1 + Z¯L(ti)
)α−1 (
Z¯L(ti)
α−1 + Z¯L(ti)
)xi
. (3.12)
Maximising the likelihood function
The parameters of the expected burden curves, Z¯N and Z¯L, can be obtained by
maximising the likelihood function, or, equivalently minimising the negative loga-
rithm of Equations 3.11 and 3.12, − log(L), using a constrained simulated anneal-
ing routine first proposed by Kirkpatrick et al. (1983). The method used for the
function optimisation is outlined below.
Let z0 be the initial parameter values that optimise the log likelihood function.
Assign z0 to z such that z is the best parameter values that minimises − log(L).
The simulated annealing routine then chooses a random point z∗ in the local
parameter space such that the ith parameter of z∗ is varied by z∗i = zi + r · vi
where r is a uniformly distributed random number between 0 and 1 and vi is the
ith component of the step size vector V . If the evaluation of likelihood function
at z∗, − log(L(z∗)), is better than the evaluation at z then z is set to z∗ and the
process is repeated. If the evaluation of the likelihood function is worse then with
some small probability, z is still set to z∗. This process allows the finding of a
global solution as the process can ‘escape’ from local minima. The probability of
accepting a worse solution is given by
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P = r. exp
(4(− log(L))
− log(L(z))
)
where 4(− log(L)) is the change in the likelihood function evaluation between z
and z∗, − log(L(z)) is the current function evaluation and r is a random number
between 0 and 1. The algorithm stops when some convergence criteria, given by
some pre-defined error tolerance  = 4(− log(L)) is met or when some maximum
number of iterations is reached. The algorithm returns the parameters z for which
− log(L) has been minimised.
Field Data
The model is parameterised using field data collected from two sites in north-
eastern United States, one in Connecticut and another on Block Island which
belongs to the state of Rhode Island. Data collection was undertaken in 2011 and
2013. Mammals were trapped over two days at fortnightly intervals from May and
extending into August to coincide with periods of known tick activity. Trapped
mammals had their larval and nymphal ticks removed and counted. Tick counts
from recaptured mice on consecutive days were removed from the second day of the
data set as such animals had been stripped of ticks the day before. The Connecticut
2011 database contains 427 tick count observations on Peromyscus leucopus and
Block Island contains 110. The 2013 database contains 80 and 121 observations
for Connecticut and Block Island respectively. The count data are represented in
Figure 3.4 for 2011 and Figure 3.5 for 2013. All other parameters were collated
through a literature survey. Point estimates and associated references are given in
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Table 3.1.
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Figure 3.4: Blue circles indicate larval and nymph counts from trapped mice
for two sites, Block Island and Connecticut from field data for 2011. The radius
of the circle is roughly proportional to the number of mice recorded with the
associated burden at any given trapping session (size 1 = 1-2 mice, size 2 = 3-4
mice, size 3 = 5-6 mice, size 4=6-10 mice, size 5=11-20 mice, size 6=>20 mice).
The curves represent the phenology of the immature life states of I. scapularis
as observed in the north-eastern areas of the United States. Curves are fit using
the functional forms set out in Brunner and Ostfeld (2008).
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Figure 3.5: Blue circles indicate larval and nymph counts from trapped mice
for two sites, Block Island and Connecticut from field data for 2013. The radius
of the circle is roughly proportional to the number of mice recorded with the
associated burden at any given trapping session (size 1 = 1-2 mice, size 2 = 3-4
mice, size 3 = 5-6 mice, size 4=6-10 mice, size 5=11-20 mice, size 6=>20 mice).
The curves represent the phenology of the immature life states of I. scapularis
as observed in the north-eastern areas of the United States. Curves are fit using
the functional forms set out in Brunner and Ostfeld (2008).
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R0 interval estimates
To look at the uncertainty arising from the tick count data for Block Island and
Connecticut, intervals around the point estimates of R0 are calculated. This is
done by repeated resampling of the tick burden data. A 95th percentile around
the fixed point estimate of R0 is constructed by adapting the bootstrap methods
set out by Efron (1979). The following procedure is used to generate the sampling
distribution for R0.
Let xi be an individual mouse trapped on day tj. On this trapping day the
individual mouse has a burden of L larvae and N nymphs, (L,N). On any trapping
day there are n mice caught. Let Xj be the set of mice caught on day tj such that
Xj = (x1, x2, . . . , xn). Upon resampling the mice xi, with replacement, from Xj
we generate X∗j from trapping session j. Therefore, X
∗
1 would be, for example, the
sample from trapping session 1, X∗2 from trapping session 2 and so on. Combining
the samples we generate a full sample of mice across all trapping sessions such that
X∗ = {X∗1 , X∗2 , . . . , X∗s} where s is the number of trapping session. Each time this
process is repeated we have a unique X∗ called the bootstrap sample. Note that
the length of each X∗ is equal to the length of the combined Xjs. From X∗ we fit
a nymph and a larval burden curve Z¯∗N and Z¯
∗
L using the same likelihood function
and optimisation routine described previously.
For each Z¯∗N and Z¯
∗
L an associated R0, denoted R
∗
0, can be calculated. Re-
peating this process m times produces the bootstrap distribution of R∗0 values, Y ,
around which a 95th percentile can be constructed. To contain 95% of the boot-
strap distribution the values of R∗0 are ordered (arranged from least to greatest).
The value of the 2.5th percentile is obtained by first calculating the (ordinal) rank
45
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Table 3.1: Parameters and their point estimates appearing in the tick-borne
pathogen model and associated references; [1] Davis and Bent (2011), [2] Nazario
et al. (1998), [3] Piesman et al. (1987), [4] Li et al. (2012), [5] Piesman and
Spielman (1982), [6] Schug et al. (1991), [7] Snyder (1956), [8] Hanincova´ et al.
(2008), [9] Derda´kova´ et al. (2004), [γ] Diuk-Wasser, unpublished data. Param-
eter values for the burden curves fitted to the various data sets are shown in
Table 3.2.
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n = 2.5
100
×m+ 1
2
where m is the size of the set of R∗0 values. The lower bound on
R0 is then the value with rank n in the ordered R
∗
0 vector. Similarly the upper
bound can be taken as the value with rank n = 97.5
100
×m+ 1
2
.
Burden Phenology and R0 Estimates
The fitted curves representing immature tick burden curves are shown in Figure
3.4 for 2011 and Figure 3.5 for 2013. Table 3.2 contains the parameter estimates.
There appears to be inter-annual variation in nymphal burden with differences
in both duration and height at each site. Block Island has a considerably higher
nymphal burden across both 2011 and 2013 compared to Connecticut.
Larval burdens, Z¯L(t) are highly variable between sites and years with the most
noticeable difference between the heights of the 2011 and 2013 burden curves; the
2013 peak burden is considerably higher. At Block Island there is a small (<1) early
peak in 2011 which increases in 2013 (>1). There is also a considerable increase
in average larval tick counts at the later peak for both sites in 2013 compared to
2011, and coinciding with this is a longer duration of early larval activity.
The point estimates of the basic reproduction number, R0, for Block Island and
Connecticut are given in Table 3.3. R0 values range between 0.5 and 2.5 with 2011
Connecticut producing the only fixed point estimate of R0 below 1, the threshold
value for emergence. Block Island had consistently higher R0 values for the same
year as Connecticut. The most significant difference being that for 2011, R0 < 1
at Connecticut and R0 > 1 at Block Island. R0 increases in 2013 for both sites,
Connecticut to above 1 and almost a 100% increase at Block Island to above 2.
The interval estimates indicate that R0 is significantly different between sites and
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Table 3.2: Parameters for the 2011 and 2013 nymphal and larval burden curves
at Connecticut and Block Island, USA.
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between years.
Table 3.3: Estimates for the basic reproduction number R0 at Block Island
and Connecticut in 2011 and 2013. Associated 95th percentiles are given gen-
erated from the repeated sampling of the tick burden data. The confidence
intervals represent the variation arising from the burden data keeping all other
parameters fixed.
R0 Block Island Connecticut
2011 1.32 (1.06, 1.52) 0.79 (0.59, 0.84)
2013 2.54 (1.98, 2.79) 1.61 (1.09, 1.92)
The variation in the value of R0 between years and between sites coincide with
differences in the larval burden curves. Firstly, the 2013 R0 estimates are higher
and coincide with the higher peaks in the 2013 larval burdens. Secondly, the values
of R0 at Block Island are consistently higher than at Connecticut; burdens at Block
Island are much higher and the larval activity is longer. This result is consistent
with the findings of Gatewood et al. (2009) which suggest that the timing of the
seasonal activity of the immature stages of I. scapularis (larva and nymph) is
critical for the maintenance of B. burgdorferi and by extension, B. microti too.
Logically, nymphal activity must occur before larval activity for the pathogen to
transmit between generations of ticks, and yet also if the larvae become active too
late in the year then infected mice will have died or recovered. It is important to
note however that the height of the nymphal burden has no direct effect on R0 as
only the scaled nymph burden appears in Equation 3.9. This is counterintuitive in
the sense that one would reasonably expect that the more infected nymphal ticks
the more transmission would occur, but ticks infected during their second blood
meal have no chance to pass the pathogen on. As adults they feed on deer which
do not contribute to the transmission cycle. Hence it only really matters whether
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a larval tick survives (sN) and passes the pathogen to a mouse (qN c), which results
in the next generation of infected ticks.
All of the estimates of R0 for B. microti are higher than the initial estimates
for the north-eastern United States given in Davis and Bent (2011) (R0 = 0.47),
even for the 2011 Connecticut estimate where R0 < 1. However, the fixed point
estimate of sN×c which includes transtadial transmission in Davis and Bent (2011)
is 0.08 which is significantly lower then the estimate given here of sN × c = 0.2.
Additionally, Davis and Bent (2011) have a lower transmission efficiency which
may explain some of the variation in our value of R0. An estimate of sN × c = 0.2
is not unreasonable and can be easily estimated given two consecutive years of
trapping data. The process of estimating sN × c and underlying assumptions are
discussed further in the next chapter.
The estimates of R0 for B. microti presented here are lower than the estimates
for B. burgdorferi (see Hartemink et al. (2008); Davis et al. (2011); Wu et al.
(2013)). This is consistent with the observation that the geographic range of B.
microti is thought to be expanding at a much slower rate than B. burgdorferi
(see Chapter 1). The cause of this is still unknown but the formulation for R0
points to possible differences in transmission efficiencies. Given that B. microti is
endemic in Connecticut and Block Island it is reasonable to expect, at least for
most years and sites (which is true of our results), that R0 > 1, the threshold for
establishment. Overall, though, it seems likely that the expression here for R0 is
underestimating the true value (see Chapter 5 and 6).
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Identifying factors of emergence:
Sensitivity analyses of R0
Chapter 4
Chapter Overview
In this chapter parameter ranges for all 19 parameters of the R0 model presented
in Chapter 3 are defined. Using these ranges a global sensitivity analysis of the
model is performed. These analyses rank the importance of the parameters in
terms of their contribution to the variation in R0 observed over the parameter
space defined by the ranges. It is concluded that the transmission efficiency from
the vertebrate host to Ixodes scapularis ticks, the survival rate of Ixodes scapu-
laris from fed larva to feeding nymph, and the proportion of nymphs feeding on
white-footed mice, are the most influential factors for R0. To a lesser extent R0
was also sensitive to the peak larval burden (early and late) but given the large
ranges used, there is a contrast with findings for other vector borne disease sys-
tems where the abundance of the vector or host, or the vector-to-host ratio, are
primary determinants for emergence. These results are a step towards a better
understanding of the geographical expansion of B. microti and B. burgdorferi, as
well as other emerging tick-borne pathogens.
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Introduction
In any model, an important step is to determine the influence or contribution that
each input parameter, over a range of possible values, has on overall model output.
This is especially important in multi-dimensional non-linear models where it can be
difficult to determine the effects of each parameter individually. One approach to
determining the relative influence of an input parameter is by sensitivity analysis.
Sensitivity analyses can be classified as either “local” or “global”. Local anal-
yses typically use a derivative based method which considers a small change in an
input parameter around a fixed point and determines the change in the output.
Such an approach is often used in epidemiological models, for example Laporta
et al. (2013), of models of R0 (Ferguson et al., 2005) and of tick-borne pathogens
(Matser et al., 2009) to determine the important factors of a model and, as an ex-
tension, of the disease system being modelled. Global sensitivity methods consider
model output over a range of parameter input values and measure the variance
in the output of the model caused by the variance in the input parameter. Such
indices also identify variations in model output caused by interactions between
model inputs. For discussion of the global approach to sensitivity for the basic
reproduction number see Sanchez and Blower (1997), applications in Davis et al.
(2011) and Gubbins et al. (2008) and for tick-borne pathogens see Wu et al. (2013).
Both local and global sensitivity analyses are used to identify the parameters
of the R0 model in Chapter 3 that explain most of the variation in R0 over a
parameter space that is defined using the available literature and data sets from
the School of Public Health, Yale University. Such analyses suggest which are
the key parameters, and hence the key drivers, that might explain variation in
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emergence and persistence of the pathogens across different sites and indeed across
North America. These results may also shed light on the most effective method
for control.
From Chapter 3, the basic reproduction number is a function of 19 parameters.
For convenience let x = (x1, x2, . . . , x19) be the vector of parameter values c, sN ,
qN , dL, . . ., for tick-borne pathogens; R0 can then be considered as R0(x).
Local sensitivity
Local sensitivity analyses consider changes in R0 where a single parameter is varied
around some fixed value and all other parameters are held constant. We can think
ofR0 to be a function of a single variable, xi, so thatR0(xi) = R(x
∗
1, x
∗
2, . . . , xi, . . . , x
∗
19)
and all other parameters xj (i 6= j) are set to their point estimates x∗j . The lo-
cal sensitivity index for each parameter can then be measured by calculating the
change in R0 relative to a small change in the parameter, 4xi, about it’s fixed
point xi = x
∗
i . Sensitivity of R0 to xi is defined as
s(xi) =
∂R0
∂xi
∣∣∣∣
x=x∗
≈ R0(x
∗
i +4xi)−R0(x∗i )
4xi . (4.1)
Elasticities, defined in Equation 4.2, are often viewed as a better basis of com-
parison of sensitivity because they are independent of the units used. Elasticity
measures the relative or proportional change in R0 to a proportional change in xi
e(xi) =
4R0
R0
xi
4xi
∣∣∣∣
x=x∗
= s(xi)
xi
R0
∣∣∣∣
x=x∗
. (4.2)
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There are, however, several limitations to local analyses. Firstly, the variation
from one component relies on all parameters not varying from their fixed point
estimates and hence a local measure only provides insight into the variation of R0
around a particular fixed point in the parameter space. In our case parameter
values can take a range of values depending on biological and ecological factors.
Secondly, these measures ignore the possibility that two components may vary in a
correlated way and have a marked effect on the variation in R0. These limitations
can be overcome by the use of global methods.
Global sensitivity method
Here we use the variance based methods of Sobol’ (Sobol’, 1993). The appeal of this
approach is that the method does not depend on underlying assumptions about
model linearity or monotonicity or the additivity of model inputs and output.
Moreover the methods can handle situations where one or more input parameters
are correlated which is particularly useful for the R0 model established in Chapter
3 because larval burden is positively correlated with nymph burden (see Chapter
6 for dependance test and discussion).
There are two global sensitivity indices which we will consider here. These are
the main effect and the total effect. These two measures depend on the law of
total variance which states that, given the 19 parameters x = (x1, . . . , x19), each
with an associated distribution, the predicted variance of R0 will depend on the
variance over the possible values that the input parameters can take. The law
of total variance for a general equation with n input parameters can be found in
Saltelli et al. (2008) p21.
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The main effect of a parameter xi is also known as the first order effect. The
main effect index calculates the effect of parameter xi on R0 fixing all other vari-
ables. It is a measure between [0, 1] where values close to 1 indicate a large
influence on R0. The main effect is the variance of the expectation of R0 condi-
tional on fixed xi, taken over all values of xi. Hence, the main effect of parameter
xi is
S(xi) =
Varxi
(
Ex∼i
(
R0|xi
))
Var(R0)
, (4.3)
where x∼i is all values except xi and values of xi are drawn from the respective
distribution.
The total effect includes interaction effects of parameter xi with all other pa-
rameters. The total effect measures the total contribution to the variation in R0
due to parameter xi by including the main effect for xi plus all other interactions
involving xi. Hence, the total effect should always be larger than or equal to the
main effect. A much larger total effect for a parameter indicates interactions with
other parameters in the model.
The sum of the total effects of all model parameters is one. Therefore, if Si is
the main effect of parameter xi given in Equation 4.3, then 1 minus the main effect
sensitivity measures of all variables except xi gives the total effect index such that
TS(xi) = 1− S∼i,
TS(xi) = 1−
Varx∼i
(
Exi
(
R0|xi = x∗i
))
Var(R0)
. (4.4)
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The main and total effects indices are calculated for each parameter using
Monte Carlo sampling and Sobol’s Indices scheme (Saltelli, 2002). The Monte
Carlo method generates samples of the parameter space obtained by random, in-
dependent sampling from each parameter’s distribution. For each parameter xi a
sample is draw from the respective distribution, in this case a uniform distribution
Ui(a, b), where a and b are the minimum and maximum values of the range of the
parameter. Repeated sampling generates a set of vectors (x1, x2, x3, . . ., xn)j. The
model is then calculated using each vector as input to produce an output vector of
R0 values where R0j corresponds to sample j. The expected values and variances
required for Equations 4.3 and 4.4 are easily calculated from the output vector of
R0 values and the distributions from which xi is drawn.
Using the R package Sensitivity (Pujol et al., 2012) with a uniform distribution
for each parameter the analyses were run with 105 Monte Carlo samples.
Parameters and ranges of R0
It is straight forward to look at the sensitivity of R0, given a list of point estimates
and distributions for the parameters. For each parameter a range and a point
estimate was obtained from the literature and in some cases from unpublished
data. Fixed point values, as well as ranges for all of the parameters appearing in
the R0 formula are given in Table 4.1. However, many parameters, including those
relating to tick phenology, will be strongly locally dependent (see Chapter 3), so
fixed point parameters should be interpreted as representative values only.
Of the 19 parameters, 11 (Table 3.2) describe how the average tick burdens on
mice (see Figure 3.4 and 3.5 in Chapter 3) change over the course of a year. These
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curves are estimated using the techniques and data described in Chapter 3.
Pathogen transmission efficiency p(t′), a function of days post infection, has
three parameters, one for each of height, peak timing and duration (see Chapter
3 Equation 3.5). Fixed points of these parameters are found using the laboratory
data on the infectivity of vertebrate hosts and inferred ranges from Hanincova´
et al. (2008) and Derda´kova´ et al. (2004).
Survival of white-footed mice was coarsely estimated using the mean longevity
of white-footed mice from Schug et al. (1991) and Snyder (1956), reported as 133
days. For the range for this parameter maximum and minimum recorded values
from these two studies were used.
There are four other parameters in the model (dL, qN , c and SN). The days of
attachment for larvae, dL, has a range 3-5 and is well referenced in the literature
(see Nazario et al. (1998) and Piesman et al. (1987) for example). Is is harder to
find published estimates for the probability of transmission from nymph to mouse,
qN , the survival of Ixodes ticks from larvae to nymph, SN , and the probability of a
nymph feeding on a white-footed mouse, c. A point estimate for the transmission
from nymph to mouse is given as 0.83 in Piesman et al. (1987) with additional
references in Mather et al. (1990) and Piesman and Spielman (1982). The survival
of engorged Ixodes larvae has previously been identified as an important parameter
in the next generation matrix model (Hartemink et al., 2008). The large range for
this and for c in Table 4.1 reflects the difficulty measuring this parameter directly
and hence the scarcity of references in the literature, but also that these parameters
are likely to be even more locally dependant than those relating to tick phenology.
58
Sensitivity Analyses
Table 4.1: Local and global sensitivity analysis for model parameters. Pa-
rameters appearing in the tick-borne pathogen model relating to functions of
(i) white-footed mice survival θ, (ii) nymphal and larval tick burdens Z¯N (t)
and Z¯L(t) (iii) pathogen transmission efficiency p(t
′). Global sensitivity results
are given as Sobol’s main and total effects indices. Literature for the given
ranges can be found in the associated references: [1] Davis and Bent (2011), [2]
Nazario et al. (1998), [3] Piesman et al. (1987), [4] Li et al. (2012), [5] Piesman
and Spielman (1982), [6] Schug et al. (1991), [7] Snyder (1956), [8] Hanincova´
et al. (2008), [9] Derda´kova´ et al. (2004), [10] Brunner and Ostfeld (2008), [11]
Devevey and Brisson (2012), [γ] Diuk-Wasser, unpublished data.
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Analysis and sensitivity of R0
The results of the local and global sensitivity analyses are given in Table 4.1 and
shown graphically in Figure 4.1. The results indicate that c, the probability of a
nymphal tick feeding on a white-footed mouse, is the highest ranked parameter
(by sensitivity) in the local sensitivity analysis. This parameter was also ranked
highly by the global sensitivity indices. The total effect for c is considerably higher
than the main effect indicating there are interactions with other parameters in the
model. Similar differences can also be seen in µP (the shift to peak transmission
efficiency), σP (duration of transmission efficiency) and sN (survival of larval ticks).
The parameters of p(t′), governing the transmission efficiency from mouse to larvae,
were also highly ranked by both the main and total effect. The parameter sN ,
the proportion of fed larvae that survive to become host-seeking, unfed nymphs,
was ranked third by both the main and total effect indices. The height of the
transmission efficiency curve, HP , was similarly ranked as was HE, height of the
early larval peak. All other parameters produced low main and total effects.
R0 is plotted against the shape parameter, σP of p(t
′) which controls the dura-
tion of infectivity in mice in Figure 4.2 (where all other parameters have been set
to their fixed point estimates). A value of 0.4 for σP gives a duration of infectivity
of approximately 21 days (estimated from plots of p(t′)) and when σP is 0.95 low
chronic (or long term continuing) infection occurs. In Figure 4.2, R0 = 1 when
σP = 0.6 corresponding to 42 days or when the length of time a mouse is efficiently
transmitting to larvae is 42 days.
The parameter sN , the survival of Ixodes ticks from fed larvae to host-seeking
nymphs ranks fourth in importance in the global sensitivity analysis. From Equa-
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Figure 4.1: Results of the global sensitivity analysis of the R0 model. Main
effect measures the sensitivity of R0 to individual parameters and the total
effect measures the sensitivity including interactions. The four highest ranking
parameters are survival of fed larvae, the probability of finding a competent
host, the number of days to peak infectivity in mice and duration of infectivity
in mice.
tion 3.7 it is easy to deduce that R0 is directly proportional to
√
sN . This behaviour
is also evident in Figure 4.3. Note that if the proportion of larvae that survive to
become feeding nymphs is below 0.3 then R0 < 1 at the fixed point estimate and
the height of the larvae burden has relatively little impact. Additionally, from the
Monte Carlo simulation of the parameter space the distribution of R0 values has
been calculated and these are given in Table 4.2. If these values are ranked then
95% of R0 values will be less than one when less than 25% of ticks survive from
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Figure 4.2: R0 is plotted against the parameter σP from the function p(t
′)
which controls the duration of infectiousness. Here R0 is treated a function
of a single variable. At 0.4 the infectivity lasts 21 days, at 0.95 low chronic
(continual) infection occurs. The threshold condition for R0 = 1 occurs at 0.6
which corresponds to an infectious period ending at approximately 42 days.
The fixed point estimate given for R0 is given for comparison.
fed larvae to feeding nymph (sN < 0.25). Equivalently, R0 is proportional to
√
c
and if at the fixed point estimate the chance of a nymph feeding on a white-footed
mouse is less than 0.36 then R0 < 1.
There are three functions which have parameters with a total effect index no-
ticeably larger than their associated main effect index, the transmission efficiency
function p(t′) and the burden curves Z¯N(t) and Z¯L(t). The higher total effect
index values suggests interactions in the model between Z¯N(t), Z¯L(t) and p(t
′).
This is unsurprising since the timing of these together determine the extent of
the overlap between when larvae are feeding and when mice are likely to be most
infectious. The time difference between when nymphs become active and begin
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Figure 4.3: Survival of ticks from fed larvae to feeding nymphs SN against R0.
The Fixed point estimate is given as a reference. The proportion of surviving
ticks would need to be below sN = 0.3 to achieve R0 < 1.
seeking a host and the first peak of the larvae burden t = τE are plotted against
the two highest ranked parameters of the transmission efficiency function p(t′) to
generate a surface of R0 values in Figures 4.4 and 4.5.
From Figure 4.4 there appears to be a non-linear relationship between both the
peak timing τP and duration µP of the transmission curve p(t
′) and the timing of
the burden curves at the threshold R0 = 1. Also, Figure 4.4 indicates the greater
the difference in timing (between the nymph and larval activity peaks) then the
later the peak of the transmission curve needs to occur to produce a similar range
of R0 values.
The duration of infectivity, controlled by σP in p(t
′) and which is plotted in
Figure 4.5, produces a similar phenomenon to the timing parameter µP , because as
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μ P
Figure 4.4: The parameter µP of p(t
′), which controls the timing of the peak
of the transmission efficiency curve, plotted against the difference in the the
timing of the nymph and larvae burdens (in days) to generate a surface of R0
values. As the difference in the burdens increases then µP must also increase
to maintain values of R0 > 1.
the difference in timing between the burdens increases, the shape parameter also
has to increase to produce the same range of R0 values. Also, the transmission
function can be seen to be bridging the gap between the peak activity of the two
immature life-stages such that transmission from one generation of ticks to the
next still occurs. Figure 4.5 is consistent with the appealing rule of thumb that
the duration of the infectivity curve must be longer than the difference between
the peak nymph and peak larvae burden timing. For example, when the difference
in the nymph and larvae burden curves is greater than 21 days, the duration of
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Figure 4.5: The shape parameter σP of p(t
′) controls the duration of infectivity
and is plotted here against the difference in the the timing of the nymph and
larvae burdens (measured in days) to generate a surface of R0 values. At 0.4
the duration of infectivity is 21 days and at 0.95 low chronic infection occurs.
As the difference increases σP must also increase to maintain values of R0 > 1.
high infectivity, σP , must be slightly larger than 21 days (as indicated by 0.4 in
the figure) to produce values along the threshold R0 = 1.
The high main and total effect of the probability of a nymph feeding on a
white-footed mice suggests that the composition and abundance of host species
has a marked influence on the magnitude of R0. For simplicity, our model includes
a single vertebrate species that is considered to be 100% competent. However,
in a multi-host community, the parameter c would need to encompass both the
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probability of finding any host and the relative competence of the host the tick
actually fed on. Increases in the biodiversity of hosts can either amplify or reduce
pathogen transmission (when this effect reduces transmission it is known as the
dilution effect, see Begon (2008)). While it is obvious that the value of c will
decrease with additional non-competent hosts the effects on R0 when even some-
what competent species are included is not as straightforward. This is because
(i) the construction of the NGM is different with additional host types and hence
the expression for R0 is different and (ii) reduction in c may be compensated by
the additional components and changes in p(t′). Thus while the effects of changes
in c on R0 are quantified by the results here, the biodiversity argument remains
unanswered (further discussion can be found in Begon (2008) and for tick-borne
pathogens in Bouchard et al. (2013)).
The summary statistics for the set of values of R0 generated by the sampling
procedure for the global sensitivity analysis are given in Table 4.2. The mean of
R0 is different to the fixed point estimate of R0 = 1.16. The majority of R0 values
occur near the threshold at R0=1 with the middle 50% of values lying in the range
0.79 to 2.10. The maximum occurs close to 8. The results given in Chapter 3
Table 3.3 are well within the range of values observed here.
Table 4.2: Summary statistics for the distribution of R0 values and associated
with the sampling scheme used to perform the global sensitivity analysis.
Min. 1st quartile Median Mean 3rd quartile Max.
0.03 0.79 1.32 1.57 2.10 8.38
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Implications for emergence and control
In terms of public health relevance, the sensitivity analysis suggests possible drivers
for the geographical distribution of tick-borne pathogens such as Borrelia burgdor-
feri and Babesia microti and identifies possible targets for control. The most com-
mon methods currently used to reduce human exposure to tick-borne pathogens
are spray repellents and protective clothing. Other control approaches deal di-
rectly with the vertebrate host system. These include lowering the transmission
rate through antibiotic treatment of vertebrate host species (Dolan et al., 2011),
vaccination of the main vertebrate host (Tsao et al., 2004, 2012) and the use of
acaracide to control ticks by application to vertebrate hosts or area wide spraying
(Piesman and Beard, 2012).
The understanding of how R0 is sensitive to changes in tick phenology might
also lead to better control methods. The results of the local sensitivity analysis
indicates that near the point estimate of R0, tick phenology or more specifically the
timing parameters of tick seasonality are predictors of presence or absence. This
result is consistent with the variation in R0 values found between the Connecticut
and Block Island sites, and between years, found in Chapter 3. In fact, Gatewood
et al. (2009) suggests that there is a small subset of burden timing parameters that
allow for the pathogen to be transmitted which may vary locally. The interaction
of these terms with the infectivity terms emphasizes the complex nature of these
pathogens in that rapidly cleared strains may not be disadvantaged compared to
persistent strains provided the nymph and larval burdens occur in quick succession.
In fact, high overlap of the peak transmission with the larval burden produces a
significantly larger R0. This result agrees with the more recent results of Haven
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et al. (2012) which suggest the delay in larval activity strongly interacts with the
timing of peak pathogen transmission. Note that although tick phenology is not
the most significant contributor to the variation in R0 there is only a relatively
small subset of ranges for the timing parameters that produce R0 values greater
than one.
Of perhaps greater public health importance is that sN , the survival of fed
larvae was identified in the analyses as a parameter to which R0 is sensitive. This is
a parameter which possibly can be influenced through the application of acaricides
and is a possible control measure to reduce R0 below one (see Figure 4.3). This
parameter ranked just behind the parameters of the transmission curve and the
probability of a nymph feeding on a white-footed mouse in terms of main and
total effect, and is also indicated as having the highest elasticity value in the
original R0 model (Hartemink et al., 2008). It is perhaps worth emphasising that
the demographic rate of a tick life stage is not necessarily strongly related to its
abundance because compensatory mechanisms at the population level can occur in
wildlife populations which “make-up” for the reduction in a particular demographic
rate. This in turn means it is possible that reducing the survival of fed larvae may
have a dramatic impact on the pathogen (cause it to fade out) but have little
discernible effect on the overall abundance of ticks.
These results highlight the importance of laboratory studies that measure the
infectivity of vertebrate hosts as functions of the time since infection. In particular,
there is a need to better understand whether chronic infection occurs. If a pathogen
is too rapidly cleared this can lower R0 to below one (see Figure 4.2). This result
gives weight to the need to detect and measure differences in infectivity between
pathogens and between strains as there is potential to better understand patterns
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of emergence of these pathogens at specific sites. Additionally, our results suggest
that targeted methods of intervention that lower peak infectivity or the duration
of infectivity of vertebrate hosts (Richer et al., 2011; Tsao et al., 2004), such as
vaccination, show considerable potential to lower R0 to below one. In fact the
vaccination rate, V , for this system can be calculated using the next generation
matrix and the methods proposed by Roberts and Heesterbeek (2003)
V = 1− 1
T
where (4.5)
T = eTK(I − (I − P )K)−1e.
In this equation and with two host types, K is the next generation matrix, e is an
1× 2 unit vector with e1 = 1, P is the 2× 2 projection matrix with P11 = 1 and
Pij = 0 otherwise, and I is the 2× 2 identity matrix. On substitution
T =
[
1 0
]k11 k12
k21 k22


1 0
0 1
−

1 0
0 1
−
1 0
0 0


k11 k12
k21 k22


−1  1
0

= k12k21 = R
2
0.
Hence the vaccination rate is simply
1− 1
R20
. (4.6)
This result holds if the population is homogenous and mixed. This result is also
seen from Figure 2.5 where two generations are required for secondary infections of
vertebrate hosts to arise from a single infected vertebrate host. Numerically, vac-
cination rates of the vertebrate host can be estimated from the repeated sampling
69
Chapter 4
of R0 from Table 4.2. Using the value of the top 95
th percentile of R0, indicat-
ing considerable confidence that the intervention would reduce R0 below 1, the
proportion of vaccinated white-footed mice would need to be greater than 93%.
Current regimes suggest that a vaccination rate of 93% may be unrealizable. The
long tail of the R0 distribution leads us to also consider a 90% confidence bound
on R0 whereby a much more feasible 67% of vertebrate hosts would need to be
vaccinated. A previous vaccination experiment based on injecting individual mice
estimated that 79% (in year 1) and 73% in year 2 of the experiment were vacci-
nated at least once, 68% (year 1) and 57% (year 2) were captured and vaccinated
at least twice by the last trapping period (Tsao et al., 2004). However, a more
recent study evaluating a new vaccine formulation based on an easily distributable
oral bait vaccine (Voordouw et al., 2013) estimated that over 90% of mice would
be completely vaccinated within 24 days. Tsao et al. (2012) suggests that a bait-
ing regime when used in conjunction with acaricide application and changes in
the competent host dynamics, all of which were identified in our results, would
be effective. Additionally, vaccination reduces the proportion of infected ticks
(Voordouw et al., 2013) and in turn reduces the risk to humans.
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Pathogen interactions within hosts and
R0
Chapter 5
Chapter Overview
The work in the previous chapter identified the efficiency of transmission from
mouse to tick, denoted by p(t′), as a function to which R0 was highly sensitive.
In this chapter variations that arise between white-footed mice in terms of their
transmission efficiency are considered more closely. In particular, Babesia microti
and Borrelia burgdorferi can simultaneously infect and co-exist in the primary
reservoir host white-footed mice. The prior infection or coinfection of one pathogen
with another can influence the transmission of either pathogen to new hosts and
it has been hypothesised that coinfection with B. burgodorferi will enhance the
transmission of B. microti to the tick vector Ixodes scapularis. Laboratory data
that assess the single B. microti and the simultaneous B. microti - B. burgdorferi
transmission probabilities from infected white-footed mice to uninfected larval ticks
are used to parameterise a modified equation for R0. The effect of coinfection with
B. burgdorferi on Babesia microti is quantified in terms of the increased range
of ecological conditions under which B. microti is expected to establish. The
modelling results suggest that the ongoing emergence of B. microti is supported
by the prior enzootic establishment of B. burgdorferi.
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Introduction
The sensitivity analyses in Chapter 4 identified the infectivity of the vertebrate
host population as a possible function determining the emergence of B. microti. We
have also shown that changes in peak infectivity or the duration of infectiousness
can significantly enhance the magnitude of R0. Multiple tick-borne pathogens are
known to co-exist in ticks and are transmitted together to a large community of
vertebrate hosts. Current research agrees that interactions between pathogens in
multiply infected hosts can strongly influence pathogen transmission, persistence
and disease severity (Jones et al., 2008; Lello et al., 2008; Lopez-Villavicencio et al.,
2011; Bentwich et al., 1995; Druilhe et al., 2005; Lawn et al., 2006; Telfer et al.,
2010; Magnarelli et al., 1997; Anderson et al., 1987) and can theoretically affect
the expansion of a primary disease epidemic (Piesman et al., 1986).
The geographic spread of babesiosis has lagged behind that of Lyme disease
(see discussion in Chapter 2). This is partially explained by the lower transmission
efficiency of B. microti to larval ticks. However, while lower efficiency might
explain why B. microti emerges only within areas where B. burgdorferi is endemic
it does not explain why both pathogens can be equally prevalent at locations
where the two pathogens have long been endemic. The patterns of emergence
and persistence suggest that the previous establishment of B. burdorferi in a host
population increases the likelihood of B. microti establishment.
Laboratory data on the effect of coinfection at the individual host level has
found that B. burgdorferi and B. microti coinfection in the primary reservoir
host Peromyscus leucopus enhanced B. microti transmission to I. scapularis ticks
(Diuk-Wasser, unpublished data - a description of the data is given below). In
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what follows, these observations are used in a modified equation for R0 in the
form of changes in the transmission efficiencies due to coinfection. Threshold
ecological conditions for B. microti establishment at different prevalence levels of
B. burgdorferi infection in the vertebrate host population are used to gauge the
effects of coinfection on the emergence of B. microti.
Laboratory data
The transmission efficiency of B. microti to ticks feeding on singly or coinfected
P. leucopus mice was measured in laboratory transmission experiments at the
Yale School of Public Health (unpublished data, Duik-Wasser laboratory). Three
different datasets are compiled in Table 5.1. In the first set, P. leucopus mice were
infected by nymphal ticks infected with B. microti alone. In the second and third
sets P. leucopus mice were first infected with two different strains of B. burgdorferi,
BL206, the predominant invasive strain, and B348, a non-invasive strain, and then
infected with B. microti. Using these two strains gives an upper and lower bound
on the effects without having to consider all possible strains.
Pathogen transmission efficiency from mice to ticks was assessed by feeding
100 larvae to repletion on each mouse at days 7, 14, 21, 28, and 42 after infec-
tion. Transmission efficiency was assessed by randomly selecting 20 nymphs from
each of the mice, except for a few mice from which only 10 to 19 nymphs were
recovered. Transmission efficiency was then measured as the proportion of suc-
cessful transmissions from mouse to larval ticks (ticks were assessed as being either
infected or not infected). Transmission efficiencies (calculated as successful trans-
missions/total larvae fed) and associated 95% confidence intervals obtained from
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repeated resampling of the transmission data (methodology outlined below) are
shown in Figure 5.1.
Figure 5.1: Effect of coinfection on larval acquisition of B. microti. The
results show the prevalence of B. microti in ticks that fed on mice infected with
B. microti alone versus mice coinfected with B. microti and B. burgdorferi
strain BL206 (Panel A) or B. burgdorferi strain B348 (Panel B). The error bars
indicate 95% confidence intervals.
Modification to R0
To explore the effect of changes in B. microti transmission from coinfection on
emergence, the model of the basic reproduction number, R0, presented in Chap-
ter 3 was modified. The need to modify the previous formulation of R0 arises
because a nymphal tick, infected with B. microti, may feed on a mouse already
infected with B. burgdorferi or the nymph itself could carry both the B. microti
and B. burgdorferi pathogens. There are two groups of mice (coinfected and not)
75
Chapter 5
which are epidemiologically distinct because those coinfected with B. burgdorferi
transmit B. microti more efficiently than those that are not. This implies three
epidemiologically distinct host types: a white-footed mouse infected with B. mi-
croti (1), a white-footed mouse coinfected with B. burgdorferi and B. microti (2)
and a larval tick infected with B. microti during its first blood meal (3) (Fig-
ure 5.2). We do not divide the infected tick population into coinfected and not
coinfected because there is no known epidemiological difference.
k13
k31
k13
k31 k32
k23
k32
k23
White-footedmouse-B. burgdorferi free,1:
White-footedmouse-infectedawith2:
TickainfectedawithaB. microtiaduringa1st3:
ainfectedawithaB. microti
B. burgdorferi & B. microti
abloodmeal
Ka= 0 0
0 0
0
k13 k31 k23 k32R =0 +
1 2
3
Figure 5.2: The transmission graph used to construct the next-generation
matrix K for Babesia microti for singly infected and coinfected mice. Three
host types are defined: white-footed mouse infected with B. microti only (1),
white-footed mouse coinfected with B. burgdorferi and B. microti (2) and a
tick infected during its first blood meal (3).
Based on Figure 5.2 the next generation matrix that accounts for coinfection,
with three hosts types, takes the form
K =

0 0 k13
0 0 k23
k31 k32 0
 . (5.1)
The dominant eigenvalue of K is R0 giving
R0 =
√
k13k31 + k23k32. (5.2)
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It is not expected that the formulae for k13 and k23 differ from the formula
for k21 given in Chapter 3 Equation 3.6, as the survival probability, sN and the
probability of attaching to a white-footed mouse, c, are assumed constant regard-
less of the pathogen. The transmission efficiency from nymphal tick to mouse, qN ,
is also assumed to be constant (as was assumed by Davis and Bent (2011)). We
next assume that a constant fraction ψ of white-footed mice are infected with B.
burgdorferi. In this case k13 and k23 take the form
k13 = (1− ψ)c sN qN (5.3)
k23 = ψc sN qN .
The expected number of larvae (host type 3) that a mouse (host type 1 or
2) infects over its entire infectious period is modified from the previous model in
Chapter 3 to account for the additional host type and the differences in transmis-
sion efficiency. There are two different vertebrate host types, those singly infected
with B. microti and those coinfected with both B. microti and B. burgdorferi.
Each of these host types infect an expected number of larvae, given as, k31 and
k32. These expressions incorporate transmission efficiency from vertebrate host to
larvae as two distinct measurable functions, p1(t
′) and p2(t′). The experimental
data presented in Figure 5.1 is used to approximate these functions. There are two
functions, one for single B. microti infection p1(t) (Panel A Figure 5.1), and one for
simultaneous B. microti and B. burgdorferi coinfection p2(t) (Panel B Figure 5.1).
These two functions, p1(t) and p2(t), are piecewise linear functions fitted to the
transmission efficiency laboratory data observed at 7, 14, 21, 28 and 42 days after
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infection and are given in Table 5.1. By fitting the functions as piecewise linear
it is assumed that transmission efficiencies change linearly between the observed
values at days 7, 14, 21, 28 and 42 post infection.
The equations for k31 and k32 are
k31 =
∫ t=365
t=0
aN (t)
∫ t′=365−t
t′=0
1
dL
p1(t
′) θt
′
Z¯L(t
′ + t) dt′ dt
k32 =
∫ t=365
t=0
aN (t)
∫ t′=365−t
t′=0
1
dL
p2(t
′) θt
′
Z¯L(t
′ + t) dt′ dt.
(5.4)
Incorporating k31 and k32, and the equations for k13 and k23, into Equation 5.2
gives an expression for R0 with coinfection
R0 =
√
csNqN
∫ t=365
t=0
aN (t)
∫ t′=365−t
t′=0
1
dL
(
(1− ψ)p1(t′) + ψp2(t)
)
θt′ Z¯L(t′ + t) dt′ dt.
(5.5)
As in the model for R0 in Chapter 3, dL represents the duration of tick attach-
ment for larvae taking a blood meal. The parameter θ takes into account mouse
survival and the functions Z¯L(t) and aN(t) are, respectively, the mean larvae bur-
den and the scaled mean nymphal burden on white-footed mice. These phenology
curves are derived by fitting curves to the mammal trapping field data for 2011
and 2013 (Table 3.2) using the same combinations of normal and right-shifted
log-normal functional forms described in Chapter 3. Parameters of the model are
estimated from laboratory and field sampling (see Table 3.1 and 3.2 of Chapter
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Table 5.1: Data arising from the transmission efficiency experiments which
determined the effect of B. burgdorferi coinfection on the transmission of B.
microti from P. leucopus mice to larval I. scapularis ticks using either a highly
invasive B. burgdorferi strain (BL206) or a non-invasive strain (B348). One
hundred uninfected larval ticks were allowed to feed to repletion on each mouse
at days 7, 14, 21, 28, and 42 after infection with one or both pathogens. Trans-
mission efficiency was measured by the proportion of successful transmissions.
The function between, for example, (7-14) is linear and pi(t) is therefore piece-
wise linear.
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3). Other parameter values are estimated from the literature (see Table 4.1 in
Chapter 4).
To quantify the uncertainty introduced by the laboratory data bootstrap con-
fidence intervals were constructed around the point estimates of R0 by repeated
resampling of the underlying data. For each day (7, 14, 21, 28 or 49) the trans-
mission data is X = {x1, x2, . . . , xn} where xi = 1 if larval tick i is infected and
xi = 0 otherwise. Therefore if xi = 1 the i
th tick acquired the pathogen from an
infected mouse. The mean of X of gives the transmission efficiency (calculated as
successful transmissions / total larvae fed) such that X¯ = 1
n
(x1 + x2 + . . .+ xn).
Now consider resampling, with replacement, from X where the elements are
equally likely to be chosen. Let the first sample be X∗1 = {x∗11, x∗12, x∗13 . . . , x∗1n},
the second X∗2 and so on, called the boostrap samples of X. Note that the length
of each X∗i is equal to the length of X.
Let x¯∗i be the mean of the bootstrap sample X
∗
i . Then at each of the time
periods of the data (7, 14, 21, 28, 42) X∗i is unique and a different average x¯
∗
i can
be calculated. Given these averages and associated time points a new p(t) can be
constructed, p∗(t), and an associated R0, R∗0. Repeating this process produces the
boostrap distribution of R∗0 values, Y = {R∗01, R∗02, . . . , R∗0m}, for which a mean and
a standard deviation can be calculated. Therefore the upper and lower bounds of
the confidence interval about R0 are given by the standard formula Y¯ ± zα/2sY .
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Estimates of R0 and thresholds for emergence with
coinfection
Model results for the basic reproduction number for B. microti, that include the
effect of coinfection with B. burgdorferi BL206 and B348, on R0, are shown in
Table 5.2 and Figure 5.3. Two scenarios are considered, low (ψ = 30%) and high
(ψ = 80%) prevalence of B. burgdorferi in mice. Results in Table 5.2 indicate that
only high levels of coinfection with the predominant invasive BL206 strain produce
a statistically significant difference compared to B. microti alone (as indicated by
the distinct 95% confidence intervals) in R0. This is true for both the Connecticut
and Block Island sites and the 2011 and 2013 datasets. The results for the less
common B348 strain show that although there is an increase in R0 for all sites,
years and prevalence levels, there is no situation for which confidence intervals do
not overlap. The effect of coinfection is strongest for the Connecticut field site
with high B. burgdorferi prevalence with a 15% increase and a 13% increase in R0
values for 2013 and 2011 respectively. Comparatively, Block Island has a 9% and
11% increase respectively.
Table 5.2: Values of R0 for B. microti with coinfection for the invasive BL206
and non-invasive B348 B. burgdorferi strains. Two sites, Block Island and
Connecticut, two years, 2011 and 2013, and two scenarios high and low levels
of coinfection are given. 95% confidence intervals are given in brackets. Point
estimates of sN = 0.4 and c = 0.5 are used.
Site B. microti Low B. burgdorferi High B. burgdorferi
prevalence (30%) prevalence (80%)
B206 Connecticut 2013 1.6017 (1.5420,1.6706) 1.7081 (1.6332, 1.7532) 1.8422 (1.7783, 1.9183)
BI 2013 2.5467 (2.4528,2.6410) 2.6421 (2.5527, 2.7252) 2.7839 (2.6762,2.9239)
Connecticut 2011 0.7724 (0.7455, 0.8032) 0.7989 (0.7838, 0.8338) 0.8690 (0.8380,0.8999)
BI 2011 1.2694 (1.2132,1.3330) 1.3078 (1.2679,1.3845) 1.4143 (1.3537,1.4732)
B348 Connecticut 2013 1.6017 (1.5420,1.6706) 1.6108 (1.5640, 1.6671) 1.6259 (1.5695, 1.6813)
BI 2013 2.5467 (2.4528,2.6410) 2.5662 (2.4911, 2.6506) 2.5985 (2.5086, 2.6851)
Connecticut 2011 0.7724 (0.7455, 0.8032) 0.7778 (0.7521, 0.8064) 0.7866 (0.7556, 0.8104)
BI 2011 1.2694 (1.2132,1.3330) 1.2803 (1.2260, 1.3422) 1.2982 (1.2332, 1.3496)
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Figure 5.3: Values of R0 for B. microti with and without coinfection for
the invasive BL206 and non-invasive B348 B. burgdorferi strains (squares) and
associated confidence intervals (lines). Two sites, Block Island and Connecticut,
two years, 2011 and 2013, and two scenarios high and low levels of coinfection
are given.
The site-specific parameters that are most difficult to measure in the field are
the proportion of fed infected larvae that survive to become feeding infectious
nymphs, sN , and the proportion of nymphs that feed on white-footed mice, c.
Hence it is shown what combinations of these two parameters are expected to pro-
duce R0 > 1, Figure 5.4 for coinfection with BL206 and Figure 5.5 for coinfection
with B348. The region where R0 > 1 is the area above the red curves when the
effect of coinfection is included and the areas above the blue curves when it is not.
In all cases, the region of possible values of sN and c that produce R0 > 1 increases
when coinfection is incorporated. Alternatively, values of sN and c are lower for
R0 < 1 when the effects of coinfection are included.
Taking into account the uncertainty in the laboratory data (95% confidence
intervals are represented by the dotted curves in Figures 5.4 and 5.5) the most
significant result is for coinfection with the B206 strain at Connecticut when the
prevalence level of B. burgforferi is high (ψ = 80%). Of particular interest is
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Figure 5.4: Differences in threshold curves, representing where R0 = 1, and
associated confidence intervals that separate regions of sN and c where Babesia
microti is expected to emerge and regions where it is expected to fade out for
Connecticut 2011. Threshold curves (R0 = 1) are plotted showing their depen-
dance on the proportion of fed infected larvae that survive to become infectious
feeding nymphs, sN , and the proportion of ticks feeding on white-footed mice, c.
Plots indicate effects of location-specific (Block Island and Connecticut) phenol-
ogy as well as Borrelia burgdorferi (BL206 strain) prevalence in mice (low=0.3
and high=0.8) on R0. At the higher prevalence of B. burgdorferi the threshold
for R0 emergence with coinfection is significantly different from R0 for singly
B. microti infected reservoirs and the parameter region for possible fade out
reduces.
the region between the blue and red curves. This region represents a parameter
space that has R0 < 1 for single B. microti infection and R0 > 1 for coinfection
with B. burgdorferi indicating that changes in pathogen transmission due to the
prior establishment of B. burgodrferi may increase R0 to above one, allowing for
establishment of B. microti.
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Figure 5.5: Differences in threshold curves, representing where R0 = 1, and
associated confidence intervals that separate regions of sN and c where Babesia
microti is expected to emerge and regions where it is expected to fade out.
Threshold curves (R0 = 1) are plotted showing their dependance on the pro-
portion of fed infected larvae that survive to become infectious feeding nymphs,
sN , and the proportion of ticks feeding on white-footed mice, c. Plots indicate
effects of location-specific (Block Island and Connecticut) phenology as well as
Borrelia burgdorferi (BL348 strain) prevalence in mice (low=0.3 and high=0.8)
on R0. Although the curves separate, the confidence intervals overlap implying
that coinfection with the B348 strain did not significantly change the expected
value of R0.
An alternative way of expressing these results of the modeling is in the form
of the value for the prevalence of B. burgdorferi, at which the effect of increased
transmission to larvae due to coinfection leads to significant differences (significant
in the form of distinct 95% confidence intervals) in R0. Using the BL206 data this
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threshold prevalence value, given as the proportion of coinfected mice, is found to
be 0.42 in 2013 at Block Island and for the Connecticut site it is 0.25. In 2011 the
threshold prevalence is 0.45 at Block Island and 0.35 at the Connecticut site.
Interaction between phenology and transmission
efficiency and effects on R0
The interaction between the phenology of I. scapularis ticks (the timing of emer-
gence of the two immature life stages) and the transmission efficiencies may be
a key determinant of R0 and hence establishment. This is indicated by between
site differences, particularly that the effect of coinfection was stronger at the Con-
necticut site. Given that the only known difference between the sites is the burden
curves Z¯N(t) and Z¯L(t) the differences in R0 values across sites could be due to
the lower larval burdens per mouse at Connecticut. This could also be due to
transmission of B. microti being facilitated in Connecticut by a shorter time lag
between nymphal and larval activity (Figure 5.6). The latter explanation seems
more likely because successful transmission requires that larvae feed before the
host mounts an effective immune response to clear the pathogen which must have
been acquired during the bite of an I. scapularis nymph; also, R0 is relatively
insensitive to the actual burden (see Chapter 3).
This idea is further supported by the period of higher transmission efficiency
which coincides with the first peak in questing larvae. The first peak for the
Connecticut sites was greater than for the Block Island sites and this likely explains
the lower threshold prevalence of B. burgdorferi at the Connecticut site required
to produce a significant difference in R0 and an overall larger effect of coinfection
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(Figure 5.6). This is not to say, though, that there is no effect of coinfection during
the second peak of questing larvae as nymphs feed throughout spring and summer
and there is still some transmission at the beginning of the second larval peak.
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Figure 5.6: Interaction between the mean tick burdens for a given white-footed
mouse and the proportion of larval ticks infected per mouse (after molting to
nymphs) at Block Island and Connecticut in 2013. White-footed mice will
most likely become infected with B. microti during the peak in nymph questing
activity, and hence the period of higher transmission efficiency will tend to
coincide with the first peak in questing larvae.
The results of the study support the proposition that the geographical range,
the region where R0 > 1, of B. microti is enhanced by the prior establishment
of B. burgdorferi as indicated by changes in the transmission efficiencies from
coinfection. However, given that for most of the range of sN and c the values of
R0 are still less than or close to one at Connecticut where B. microti is endemic
there is a need for further investigation into how B. microti persists. One possible
explanation, which builds on the results here and from Chapter 3, is that the
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transmission efficiency curves interact with the distributions of the immature life-
stages of I. scapularis on mice so as to further increase R0.
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The effects of co-aggregation on R0
Chapter 6
Chapter Overview
Values of R0 for Babesia microti have generally been estimated to be low, and in
the previous chapter, below one at the Connecticut field site in 2011. However, this
is an area where B. microti is clearly endemic, indicating that we may be under-
estimating R0. From the sensitivity analyses presented in Chapter 3 one possible
explanation is that the burden curves interact with the transmission efficiency
function. Whilst the transmission efficiency was studied in depth in Chapter 5,
mechanisms that alter tick burdens on subsets of mice have been neglected. In this
Chapter we consider possible changes to R0 due to the tendency for the two im-
mature life-stages of Ixodes scapularis to co-aggregate on a subset of white-footed
mice. This phenomenon has been observed previously and is observed in our own
field data whereby the counts of larval ticks and the counts of nymphal ticks from
the same individual mouse are positively correlated. Co-aggregation is considered
by introducing two types-at-birth for the mouse population: a low larval burden
mouse type (representing 80% of mice) and a high larval burden mouse type (rep-
resenting the remaining 20% of mice). Results suggest that even low levels of
co-aggregation markedly increase the range of ecological conditions for which we
predict emergence of B. microti. This effect is further enhanced when coinfection
is also included. A reduction of the full model is given which holds under the
assumptions of complete coinfection for mice with high larval burdens and hence
provides an upper bound for this effect on R0.
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Introduction
In ecology, vector burdens are often extremely heterogenous such that the majority
of vectors (parasites) are found on a minority of the hosts. This aggregation
is an important consideration in disease epidemiology because those individuals
who host the majority of vectors are typically responsible for the majority of the
disease transmission (Woolhouse et al., 1997). In statistical theory such unequal
distributions of parasite burden may be described as the Pareto principle, also
known as the 80–20 rule (Juran et al., 1962). In the context of this thesis and
more broadly in parasitology, the rule stipulates that approximately 80% of the
parasites (vectors) are found on approximately 20% of the hosts (Crofton, 1971;
Shaw and Dobson, 1995).
For horizontally-transmitted tick-borne pathogens, and because ticks only take
a single blood meal at each life-stage, the aggregation of ticks (as parasites of the
white-footed mouse) does not in itself increase transmission. This is true for two
reasons. Firstly, the aggregation of larval ticks alone does not increase R0, as
larval ticks cannot infect mice unless vertical transmission occurs, and secondly,
the aggregation of nymphal ticks alone does not increase R0 because a nymph
that becomes infected will next feed on deer as an adult (deer subsequently do
not transmit the pathogen see Chapter 2). Co-aggregation of the two immature
life-stages, however, could have a powerful effect because the mice that feed most
of the nymphal ticks (and would hence be more likely to be infected) would also
tend to feed many larval ticks; transmission from one generation of ticks to the
next would clearly increase. In terms of tick-borne pathogens the co-aggregation
of nymphal tick vectors is expected to generate less infected mice hosts but more
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infected larval vectors.
Whilst the aggregation of tick life-stages on hosts has been studied and mod-
elled for tick-borne pathogens (see for example Rosa et al. (2003), Devevey and
Brisson (2012), Brunner and Ostfeld (2008) and Randolph et al. (2000)) co-
aggregation has not. Although, evidence of the co-aggregation of immature tick
burdens on white-footed mice for the north-eastern United States has been found
by Brunner and Ostfeld (2008). The authors analysed 11 years of mammal trap-
ping data from the US and observed high levels of aggregation and a moderate
positive correlation between nymphal and larval burdens. They found that indi-
viduals who fed more nymphs than average were (i) more likely to be infected with
B. burgdorferi and (ii) more likely to feed more larvae than average.
Analysis of burden data
To properly quantify the degree to which the immature life stages co-aggregate it
is necessary to trap the same mice at different times of year, since the host-seeking
activity of the two immature life stages peak at different times of the year (see
Figure 2.2). That is, if a mouse is trapped at time t with burden xN then we also
need to know the larval burden xL either at the same time step t (when there is
overlap in activity) or at some future time t+ ti. However, in the data analysed in
this thesis, there are a very low number of recaptures in both the 2011 and 2013
datasets (subsequent to this study a more intensive mark recapture program has
been established). Therefore it is only possible to assess those time periods where
the nymphal and larval activity overlap; the 2011 Connecticut dataset is the only
dataset with enough mouse captures to accurately fit separate burden curves and
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preform adequate analysis and hence for the remainder of this chapter it is the
only dataset used.
At these time periods a test was carried out to see if the mouse larval burden
at time t was independent of the nymphal burden at time t. The Chi-Square
test for dependance for the 2011 Connecticut dataset (the only dataset with a
sufficient number of captures to distinguish between high and low burden mice)
shows evidence (χ2(1,0.1) = 3.06, χ
2
(1,0.1) = 7.81), in two trapping sessions (May
25 and June 30), that the nymphal burden and larval burden are dependant in
agreement with Brunner and Ostfeld (2008).
Using the Connecticut 2011 dataset, our aim is then to quantify the effect of
varying degrees of co-aggregation of nymphal and larval ticks on the emergence of
B. microti. This is done by constructing an expression for R0 that allows nymphal
ticks to show a preference for the same group of mice that larval ticks aggregate
on.
A model of R0 with co-aggregation
Consider again the simple case of the introduction of B. microti into a susceptible
mouse population. This model was presented in Chapter 3 (see Equation 3.7).
Including the functional form p1(t
′) for the infectiousness of mice, given in Chapter
5 Table 5.1 for B. microti, the equation for R0 is
R0 =
√
sN qNc
∫ t=365
t=0
aN(t)
∫ t′=365−t
t′=0
1
dL
p1(t′) θt
′ Z¯L(t′ + t) dt′ dt. (6.1)
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The mouse population are divided according to the 80/20 rule such that 20%
of the mice carry 80% of the larval ticks (there is natural variation of 80/20 in
the natural world and it would be reasonable to assume that this number will
fluctuate between sites but we use this division as purely a proof of concept). The
aggregation of ticks can then be modelled by having two distinct populations of
mice - those with high larval tick burdens Z¯LA(t) and those with low larval tick
burdens Z¯LM(t). The transmission graph (see Figure 6.1) then has three host
types: (1) a tick infected during its first blood meal, (2) a mouse with high larval
tick burden (A) infected by a nymph and (3) a mouse with low larval tick burden
(M) infected by a nymph. It can be expected that this model will produce a value
close to the R0 presented in Chapter 5 with variation only arising in the noise from
fitting two burden curves instead of one.
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Figure 6.1: The transmission graph of B. microti consisting of three host
types: (1) tick infected during its first blood meal, (2) white-footed mice with
high larval burden (A) infected by a nymph and (3) white-footed mice with low
larval burden (M) infected by a nymph.
The transmission graph in Figure 6.1 is equivalent to the transmission graph
with coinfection given in Chapter 5 though with different host types (Figure 5.2).
Hence there are two distinct loops and
R0 =
√
k12k21 + k13k31. (6.2)
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The k12, k21, k13 and k31 are:
k12 = E
[
# of larvae infected by 1 mouse with high larval tick burden
]
k21 = E
[
# of mice with high larval tick burden infected by 1 nymph
]
k13 = E
[
# of larvae infected by 1 mouse with a low larval burden
]
k31 = E
[
# of mice with low larval burden infected by 1 nymph
]
.
The degree of co-aggregation on white-footed mice is crudely modelled as a
percentage chance, m, of a nymphal tick biting a mouse with high larval tick
burden (A) versus biting a mouse with low larval tick burden (M). If m = 0.2 then
the model returns to the simple case of Chapter 3 because the 20% of mice that
carry 80% of the larval ticks have no greater chance of feeding an infected nymph
than the mice that have low larval burdens, and consequently, this is the same as
when there is no co-aggregation. Therefore, incorporating m into k21 and k31 gives
k21 = msN qN c (6.3)
k31 = (1−m) sN qN c. (6.4)
For the elements k12 and k13 the only variation from the original formulation is
that each host type has a different larval burden as described above. Hence, with
Z¯LA(t) the high larval burden and Z¯LM(t) the low burden, we have:
k12 =
∫ t=365
t=0
aN (t)
∫ t′=365−t
t′=0
1
dL
p1(t
′) θt
′
Z¯LA(t
′ + t) dt′ dt
k21 =
∫ t=365
t=0
aN (t)
∫ t′=365−t
t′=0
1
dL
p1(t
′) θt
′
Z¯LM (t
′ + t) dt′ dt.
(6.5)
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The expression for R0 with co-aggregation is then
R0 =
√
sN qNc
∫ t=365
t=0
aN (t)
∫ t′=365−t
t′=0
1
dL
p(t′) θt′
[
mZ¯LA(t′ + t) + (1−m) Z¯LM (t′ + t)
]
dt′ dt.
(6.6)
Burden phenology for high and low larval burdens
The groups of mice having high and low larval burdens can be defined in a dataset
by ranking the captured mice by their larval burden such that the top 20% of mice
have the highest burdens and the remaining 80% have the lowest (per trapping
session). It is possible to fit two burden curves using the maximum likelihood and
optimisation algorithm established in Chapter 3. The two new burden curves for
high burden mice (A) and low burden mice (M) are given in Figure 6.2 for the
Connecticut 2011 dataset. Associated parameter values can be found in Table 6.1.
Co-aggregation effects on R0
The effects of co-aggregation of the two immature life-stages of the I. scapularis
tick vector on R0 are given in Table 6.2 for Connecticut 2011. Three levels are
considered: (i) no co-aggregation m = 0.2, that is, the top 20% of mice have
20% of the nymphal burden, (ii) medium co-aggregation, m = 0.5, the top 20%
have 50% of the nymphal burden, and, (iii) high or complete co-aggregation where
the top 20% of mice have 80% of the nymphal burden. Additionally, the results
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Figure 6.2: High and low larval tick burdens on white-footed mice and data for
the 2011 mammal trapping at Connecticut. Trapped mice are ranked according
to their larval burden. Blue circles indicate larval counts from the bottom 80%
of trapped mice (M). Orange circle indicate larval counts from the top 20% of
mice (A). The radius of the circle is roughly proportional to the number of mice
with the associated burden at any given trapping session (size 1 = 1-2 mice,
size 2 = 3-4 mice, size 3 = 5-6 mice, size 4=6-10 mice, size 5=11-20 mice, size
6=>20 mice). Three curves are fit to the data indicating the expected burden
of the highest or mice with the most larvae, the expected burden using all larvae
data and the expected burden of mice with the lowest burden. Curves are fit
using the functional forms of Equation 3.8 and the MLE methods set out in
Chapter 3.
of the model with co-aggregation alone, that is, single B. microti infection, are
shown in the same table for comparison. At the lower bound m = 0.2, indicating
no co-aggregation, R0 ≈ 0.7 (corresponding to the results in Chapter 5 Table
5.2). With a moderate degree of co-aggregation, as suggested by Brunner and
Ostfeld (2008), m = 0.5, the value of R0 increases to above one, indicating that
co-aggregation, at moderate levels, can have a powerful effect on R0, more so
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Table 6.1: Parameters for the 2011 Connecticut aggregated larval burden
curves.
Parameter Description High Larval Burden (A) Low Larval Burden (M)
Point Estimate Point Estimate
µL Shift to late peak 19.62 29.12
larvae [days]
τL Timing of late peak 202.32 191.15
larvae [days]
τE Timing of early peak 159.87 147.63
larvae [days]
σL Shape parameter 0.93 0.22
late larvae peak
µE Shift to early peak 18.03 27.30
larvae [days]
HE Height first larvae peak 3.42 0.06
HL Height second larvae peak 9.43 1.85
than the effect of coinfection (relative increase with high coinfection and no co-
aggregation was only to R0 = 0.87). With high levels of co-aggregation, m = 0.8
complete co-aggregation whereby 80% of the nymphal burden is on the same top
20% of mice as the larvae, R0 increases 56% to 1.2. Results are consistent with
those given in Chapter 5 for coinfection when no co-aggregation is considered
such that R0 values are below one. This increase is significantly higher than the
increase from coinfection (where there was a 32% increase from coinfection with
no co-aggregation).
Full R0 model with Co-aggregation and Coinfec-
tion
The full model for R0 that incorporates both co-aggregation and coinfection can be
obtained by combining the host types given in the transmission graphs of Figure
98
Co-aggregation and R0
Table 6.2: Values of R0 for B. microti with varying degrees of co-aggregation,
m, and coinfection, ψ (with the invasive BL206 B. burgdorferi strain). 95th
percentiles are given around the estimates of R0 using the sampling detailed in
Chapter 3.
Scenario R0 Connecticut 2011
No co-aggregation; no coinfection 0.7023 (0.6239, 0.7807)
Low co-aggregation; no coinfection 0.7981 (0.7140, 0.8611)
Moderate co-aggregation; no coinfection 0.9650 (0.8125, 1.0401)
High co-aggregation; no coinfection 1.1346 (0.9999, 1.2103)
High co-aggregation ; coinfection 1.7770 (1.6398, 1.9142)
6.1 for co-aggregation and Figure 5.2 for coinfection. In this case there are five
host types: (1) tick infected with B. microti during first blood meal, (2) white-
footed mouse with high larval tick burden infected with B. burgdorferi, (3) white-
footed mouse with high larval tick burden not infected with B. burgdorferi, (4)
white-footed mouse with low larval tick burden infected with B. burgdorferi, (5)
white-footed mouse with low larval tick burden not infected with B. burgdorferi
(see Figure 6.3). The associated NGM is
K =

0 k12 k13 k14 k15
k21 0 0 0 0
k31 0 0 0 0
k41 0 0 0 0
k51 0 0 0 0

(6.7)
with
R0 =
√
k12k21 + k13k31 + k14k41 + k15k51. (6.8)
If m is the chance of biting a mouse with high larval burden and ψ is the
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Figure 6.3: The transmission graph for R0 with co-aggregation and coinfec-
tion. Five host types are defined: (1) tick infected during first blood meal, (2)
white-footed mouse with high larval tick burden (orange circles) infected with
B. burgdorferi (red), (3) white-footed mouse with high larval tick burden not
infected with B. burgdorferi (black), (4) white-footed mouse with low larval tick
burden (blue circles) infected with B. burgdorferi, (5) white-footed mouse with
low larval tick burden not infected with B. burgdorferi.
prevalence of B. burgdorferi in the mouse population then on combining Equations
6.4 and 5.4 from Chapter 5 then
R0 =
√
csNqN
∫ t=365
t=0
aN(t)
∫ t′=365−t
t′=0
1
dL
θt′ κ dt′ dt, (6.9)
with κ = f
(
ψ,m, Z¯LA(t
′ + t), Z¯LM(t′ + t), p1(t′), p2(t′)
)
κ = ψmZ¯LA(t
′ + t)p2(t′) + (1− ψ)(1−m)Z¯LA(t′ + t)p1(t′)
+ψmZ¯LM (t
′ + t)p2(t′) + (1− ψ)(1−m)Z¯LM (t′ + t)p1(t′). (6.10)
As before, Z¯LA is the mean high larval burden and Z¯LM is the mean low larval
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Figure 6.4: The effects of varying degrees of co-aggregation, m, on R0 for
Connecticut 2011. As m increases to above 0.3 R0 increases to above one. Four
values of the proportion of B. burgdorferi infected mice, low ψ = 0.2, moderate
ψ = 0.5 and high ψ = 0.8, are given. Once all high larval burden mice are
co-infected then the degree of co-infection has little effect on R0.
burden. The probability of transmission of B. microti from a mouse t′ days since
infection is given by p1(t
′), and the probability of B. microti transmission from
a mouse coinfected with B. burgdorferi t′ days since infection is given by p2(t′).
Both functions are found in Table 5.1.
If the same mice who feed the majority of nymphal and larval ticks are also
the most likely to be infected with B. burgdorferi, then, when bitten by a tick
infected with B. microti we make the simplifying assumption that all mice with
high larval burdens become coinfected. This provides an upper bound for the
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effect of coinfection with B. burgdorferi on R0 coupled with co-aggregation. It is
possible then to reduce the full R0 model described above to a four host system.
The reduction occurs in the high larval burden mice (A) who are now assumed to
be all coinfected. The four host types that remain are (1) tick infected during first
blood meal, (2) white-footed mouse with high larval tick burden infected with B.
burgdorferi, (4) white-footed mouse with low larval tick burden infected with B.
burgdorferi, (5) white-footed mouse with low larval tick burden not infected with
B. burgdoferi. The associated transmission graph is given in Figure 6.5.
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Figure 6.5: The reduced transmission graph for R0 with co-aggregation and
coinfection under the assumptions of increased infection prevalence for high bur-
den mice. Four host types remain from the full formulation: (1) tick infected
during first blood meal, (2) white-footed mouse with high larval tick burden (or-
ange circles) infected with B. burgdorferi (red), (4) white-footed mouse with low
larval tick burden (blue circles) infected with B. burgdorferi, (5) white-footed
mouse with low larval tick burden not infected with B. burgdorferi (black).
The NGM, which can be interpreted as the limiting case for when k31 and k13
tend to zero, is
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K =

0 k12 0 k14 k15
k21 0 0 0 0
0 0 0 0 0
k41 0 0 0 0
k51 0 0 0 0

. (6.11)
In this case
R0 =
√
k12k21 + k14k41 + k15k51. (6.12)
Similar to Equation 6.9 and 6.10, R0 can now be written as
R0 =
√
csNqN
∫ t=365
t=0
aN(t)
∫ t′=365−t
t′=0
1
dL
θt′ κ∗ dt′ dt, (6.13)
with
κ∗ =
[
mZ¯LA(t
′+ t)p2(t′) + (1−m)Z¯LM (t′+ t)p2(t′) + (1− )(1−m)Z¯LM (t′+ t)p1(t′)
]
.
(6.14)
To ensure that the total proportion of mice infected sums to ψ, a parameter 
is introduced such that ψ = 0.2 × 1 + 0.8 ×  and hence  = ψ−0.2
0.8
. This means,
for example, in the case where the prevalence of B. burgdorferi is 20%, that is
ψ = 0.2, only the mice with high larval burden are infected with B. burgdorferi.
If the prevalence is greater than 20% then the remaining percentage is distributed
to the low burden mice based on . As before, m is the proportion of B. microti
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infected nymphal ticks that feed on high larval burden mice (A) (infected with
B. burgdorferi), (1 −m) is the proportion of B. microti infected nymphal ticks
that feed on low larval burden mice (M) already infected with B. burgdorferi, and,
(1 −m)(1 − ) is the proportion of B. microti infected nymphal ticks that don’t
carry B. burgdorferi. It is assumed that ψ ≥ 0.2, a safe assumption given reported
levels of B. burgdorferi prevalence in mice.
Combined co-aggregation and coinfection effects
on R0
Results indicate that for all levels of ψ, representing the proportion of B. burgdor-
feri infected mice, once all high larval burden mice are coinfected (for all values
of ψ ≥ 0.2) the effect of co-aggregation raises R0 in a similar way (all increasing
trends are similar, see Figure 6.3). In terms of co-aggregation, this means that
once all high larval burden mice (A) are coinfected there is minimal to no effect
from low burden mice also being co-infected. This can also be seen at the point
m = 0.2 on the curve for B. microti alone in Figure 6.3. This point represents no
coinfection and no co-aggregation. The model given by Equation 6.11 explicitly
assumes that all high larval burden mice are coinfected and therefore the assump-
tion is that m must be large. Hence the results given in Table 6.2 are an upper
bound for the effect of co-aggregation with coinfection. Biologically, the implica-
tion is that the contribution of mice with low larval burden (M) on emergence is
small.
Figure 6.6 shows the threshold value R0 > 1 against the parameters sN and c.
These regions are shown for the various levels of co-aggregation that were given
104
Co-aggregation and R0
in Table 6.2. The differences in the threshold curves representing where R0 = 1
for B. microti with (blue) and without (red) coinfection are consistent for all
degrees of co-aggregation; there is clear separation of the 95th percentiles of the B.
microti single infection and B. microti with B. burgdorferi (BL206) curves. This
difference does not change as co-aggregation increases. However, the region for
fade out decreases significantly as the degree of co-aggregation increases. This is
comparable with the results of Table 6.2 where R0 increases as m increases.
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Figure 6.6: Differences in threshold curves, representing where R0 = 1, and
associated confidence intervals that separate regions of sN and c where Babesia
microti is expected to emerge and regions where it is expected to fade out.
Threshold curves are plotted directly against the proportion of fed infected lar-
vae that survive to become infectious feeding nymphs, sN , and the proportion of
ticks feeding on white-footed mice, c. Plots indicate effects of no co-aggregation
m = 0.2, low co-aggregation m = 0.5 and complete co-aggregation m = 0.8.
Higher levels of co-aggregation lower the threshold for R0 emergence with coin-
fection. All levels of co-aggregation produce coinfection curves that are signifi-
cantly different from R0 for singly B. microti infected reservoirs. The parameter
region for possible fade out reduces with coinfection and with increasing degrees
of co-aggregation.
From these results it can be concluded that moderate co-aggregation is a pos-
sible reason as to why B. microti can establish and persist in Connecticut. The
magnitude m, the degree of co-aggregation of the two immature life stages of I.
105
Chapter 6
scauplaris ticks on mice, has a greater effect than the magnitude of coinfection,
ψ, on R0; there is a larger increase in R0 when co-aggregation is included. Co-
infection is also important but the level of co-aggregation appears to have a more
marked increase on the value of R0 and emergence.
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A compartment model to estimate the
prevalence of Babesia microti in hosts
Chapter 7
Chapter Overview
In Chapter 1 it was suggested that risk to humans can be separated into two
concerns (i) whether a disease is present in a given area, and (ii), the number of
infected nymphal ticks at that same location. The previous chapters have looked
at the first risk factor, that is, whether B. microti is present in a given area and the
main factors that determine the ecological conditions for emergence. In this chap-
ter the second risk factor, the proportional risk to humans from a nymphal tick
bite, is explored. A compartment-type model for the seasonal dynamics of infection
in the vertebrate host is combined with a discrete generation-based model for the
spread of infection in ticks to predict how the proportion of infected nymphal ticks
changes over time. The system is numerically solved to determine nymphal preva-
lence levels in successive years. As with the models for R0, all model parameters
have a clear biological interpretation and are measurable.
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Introduction
While models for R0, developed in the previous chapters, provide insight into the
threshold conditions of a disease system, and can be used to predict presence or
absence, R0 cannot be used to study the dynamics of infection or the long-term
prevalence of a pathogen at endemic sites. The prevalence level is an important
measure in epidemiology as it can be used to assess the risk to the community.
For B. microti in particular, the risk of transmission is directly proportional to
the prevalence of the pathogen in nymphal ticks (given a human is bitten by a tick
this is the probability that the tick is infectious).
The most widely used approach for modelling the dynamics of infection in
a population of hosts is to divide the population into so-called compartments
or classes. The simplest case, where individuals are categorised into susceptible
(S), infected (I) and recovered (R) compartments, was given as Equation 2.6 and
discussed in Chapter 2. Mathematical models that consider the prevalence level
of nymphal ticks as output have been used to explore changing environmental
conditions and their contribution to this risk for the similarly transmitted Lyme
disease. The most notable uses a compartment model of the vertebrate host (small
mammals and deer) and tick populations to consider changes to nymphal tick
density with deer reduction (Levi et al., 2012). There are two main limitations of
this work. The first is that the model fails to consider the seasonal variation in the
immature tick densities and the second is that the infected nymphal population
is modelled as a continuous process which is untrue of ticks since they feed once
per life-stage. The seasonality of when ticks take their blood meal, as well as
the discrete nature of tick feeding, were included in a model by Schauber and
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Ostfeld (2002) (and further work by Ogden et al. (2007)) to determine nymphal
tick prevalence. However, whilst these models are useful, they have a very large
number of parameters which makes parameterisation and validation difficult.
In what follows a compartment model for the dynamics of the transmission of B.
microti to the mouse population within a season is modified from the basic model
given in Chapter 2 and combined with a discrete-time component to replicate the
dynamics of B. microti in nymphal ticks. It is necessary to combine the discrete
generation-based approach with the compartment model for the mice because tick
feeding is not a continuous process; the process of infection in mouse population is
the only truly continuous process. Specifically there is a one year delay in infected
fed larvae emerging as infectious unfed nymphs and using a continuous biting rate
implies an underlying distribution from which possible unrealistic values of tick
feeding can be drawn. This process is shown in Figure 7.1.
The dynamical system proposed has a minimal number of parameters and can
be numerically solved for the the dynamics of B. microti prevalence in consecutive
cohorts of host-seeking nymphs.
A multi-compartment model for a single tick-borne
pathogen
The simplest case of a tick-borne pathogen circulating amongst a tick population
and a single vertebrate host population (white-footed mice) with demography in-
cluded is considered as a SIjC compartment model, shown graphically in Figure
7.2. For the vertebrate host population the following compartments are introduced:
Sk(t), Ik,j(t) and Ck(t), are respectively the number of susceptible (unexposed to
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… 
Time 
Year k Year k+1 Year k+2 
Figure 7.1: The one year delay in infected fed larvae emerging as infectious
unfed nymphs. Larvae infected the previous year emerge as infectious nymphs
the following year to take a single blood meal from a white-footed mouse host.
the pathogen), infected (currently colonized by the pathogen), which is further
subdivided into j infectious classes, and chronically infected hosts in year k, all
per hectare and dependent on the time of year, t. To account for the differences
in transmission efficiency at different times the infectious class is subdivided into
six classes corresponding to the laboratory data points given in Table 5.1. That
is, given a mouse becomes infectious in year k it transitions to the first infectious
compartment denoted by Ik,1. This compartment has an associated infectivity
given by the point estimate 0.4394, representing the efficiency of transmission to
larval ticks, from Table 5.1. After seven days (on average) the mouse transitions
to the next infectious compartment Ik,2 with an associated infectivity of 0.4714
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(again from Table 5.1) and after seven days the mouse transitions to Ik,3 and so
on. The Ij compartments each account for a week long average infectiousness p¯j.
S I1 C I2 I6 I5 I4 I3 
Figure 7.2: A conceptual flow diagram for the multi-compartmental SIjC
model. Black arrows show the movement from the Susceptible through the
Infected classes and from the final Infected class to the Chronically infected
class. The grey arrows indicate influence on the rate at which susceptible indi-
viduals become infected.
The system consists of eight coupled ordinary differential equations given by
dSk
dt
= −βk(t)Sk + b(t)Nk − (µ+ Nk
K
)Sk
dIk,1
dt
= βk(t)Sk − (µ+ Nk
K
)Ik,1 − γIk,1
dIk,2
dt
= γIk,1 − (µ+ Nk
K
)Ik,2 − γIk,2
dIk,3
dt
= γIk,2 − (µ+ Nk
K
)Ik,3 − γIk,3
dIk,4
dt
= γIk,3 − (µ+ Nk
K
)Ik,4 − γIk,4
dIk,5
dt
= γIk,4 − (µ+ Nk
K
)Ik,5 − γIk,5
dIk,6
dt
= γIk,5 − (µ+ Nk
K
)Ik,6 − γIk,6
dCk
dt
= γIk,6 − (µ+ Nk
K
)Ck (7.1)
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In Equation 7.1, b(t) is the birth rate and µ is the background constant death
rate of white-footed mice, K determines the additional or death rate due to over
population, γ is the constant rate at which mice move between the seven infectious
states and βk(t) is the force of infection on mice from infected nymphs where t is
the time of year (days since January 1). These nymphs were infected the previous
year as larvae. We further introduce νk−1 as the proportion of fed larvae in year
k − 1 that were infected during their first blood meal. The force of infection on
mice in year k is then given by
βk(t) =
1
DN
νk−1Z¯N(t)qN . (7.2)
In Equation 7.2, qN is the probability of transmission from a nymph to a mouse
given an infectious nymph takes a blood meal, Z¯N(t) is the nymph burden curve
and DN the days of attachment for nymphs (similar to that of DL in Chapter
3; a scaling parameter given that ticks are attached for a number of days). The
proportion of infected unfed nymphs in year k-1, which feed on white-footed mice
in year k, is given by
νk−1 =
∫ 365
0
aL(t)
{
p¯1
Ik−1,1
Nk−1
+ p¯2
Ik−1,2
Nk−1
+ p¯3
Ik−1,3
Nk−1
(7.3)
+p¯4
Ik−1,4
Nk−1
+ p¯5
Ik−1,5
Nk−1
+ p¯6
Ik−1,6
Nk−1
+ p¯L
Ck−1
Nk−1
}
dt,
where the efficiency of transmission p¯i from vertebrate host to larvae is the trans-
mission efficiency of the pathogen i weeks after infection and p¯L represents the low
level of efficiency from chronically infected individuals. The activity level of the
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larvae is given by aL(t) and is a function of the larvae burden Z¯L(t) such that
aL(t) =
Z¯L(t)∫ 365
0
Z¯L(t)dt
. (7.4)
Because the mouse population changes rapidly mouse demography is intro-
duced into the system with b(t) and µ the seasonal birth rate and the background
mortality rate respectively. The dual peaked seasonal birth term is given by a
linear combination of Heaviside step functions Equation 7.5 and Figure 7.3.
b(t) = φ
(
H(t− 60)−H(t− 152) +H(t− 183)−H(t− 214)), (7.5)
where the per capita birth rate φ of Equation 7.5 is estimated for the white-footed
mouse as
φ =
%female×%at reproductive age× litter size
length of the breeding cycle
. (7.6)
Additional density-dependent mortality from over crowding, at a rate Nk
K
, is
included where Nk is the total number of mice in year k and K is a parameter.
This gives
dNk
dt
= b(t)Nk −
(
µ+
Nk
K
)
Nk (7.7)
where
Nk = Sk + Ik,1 + Ik,2 + Ik,3 + Ik,4 + Ik,5 + Ik,6 + Ck. (7.8)
The proportion of infected mice at time t, i(t), is then the solution of the sum
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Figure 7.3: Seasonal birth function for a white-footed mouse population b(t).
The dual peaked seasonal birth term is given by a linear combination of Heav-
iside step functions.
of the Ik and Ck compartments from the ODE system given by 7.1 divided by the
total population of mice Nk
i(t) =
∑
j Ik,j
Nk
+
Ck
Nk
. (7.9)
Aside from allowing for the drop off in infectiousness of mice that feed larvae
late in the year this model also provides a more realistic infectious period than
that of the standard SIR model (see Appendix A).
Parameterisation
Parameters for the full SIjC model are given in Table 7.1. The parameter values
for the burden curves, Z¯N(t) and Z¯L(t) at Connecticut and Block Island for 2011
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and 2013 are given in Table 3.2.
Dynamics of Prevalence
Starting with the initial condition, ν0 = 0.1, whereby 10% of nymphal ticks are
infected, and setting S1(0) = 10, I1,1(0) = 10, I1,(2,3,4,5,6)(0) = 0, C1(0) = 0 and
using the parameter values in Table 7.1, the system of differential equations is
numerically solved to obtain I1,j(t) and N1(t) which determines ν1. Using ν1,
the system can then be solved for S2(t), I2,j(t) and C2(t), and so on. We are
particularly interested in the sequence {νk} =ν0, ν1, ν2, . . . whether it converges
and what it converges to.
In Figure 7.4 it can be seen that as the nymphal burden increases, susceptible
individuals are increasingly recruited to the infectious classes Ik,j(t), which corre-
spondingly increase along the same trajectory as the nymphal burden. Behaviour
of the S, I and C compartments are periodic with a one year cycle. The pattern of
overall infection prevalence in white-footed mice, i(t), is also periodic with a single
year shown in Figure 7.5. The periodic behaviour is similar for both the 2013 and
2011 Block Island sites.
I. scapularis nymphal infection prevalence varies strongly among years and
geographic locations. For one set of parameter values, those for Block Island,
we observe that the prevalence in unfed nymphs rapidly settles to an equilibrium
value. The equilibrium B. microti prevalence in unfed nymphs is 13.7% for 2011
and 14.7% for 2013 at Block Island (see Figure 7.6). The prevalence estimates
at Block Island are consistent with the R0 estimates given in Chapter 5 Table
5.2 in that we estimate R0 > 1 at Block Island and emergence of B. microti.
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Table 7.1: Parameters appearing in the tick-borne pathogen SIjC model for
prevalence.
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Figure 7.4: S, I, C fluctuations in the white-footed mice population generated
from the SIjC model at Block Island. Movement from the susceptible population
(blue) to the infected classes (green) corresponds the emergence of nymphs.
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Figure 7.5: The proportion of B. microti infected white-footed mice i(t) gen-
erated from the SIjC model at Block Island for 2011 and 2013. The behaviour
is periodic and corresponds to increases in the population due to birth and the
timing of the nymphal burden curve.
The prevalence level in unfed nymphs is within the range of estimates given in
the literature where the nymphal infection prevalence for B. microti in the north-
eastern US (including island sites) lies in the interval 5-23% with most estimates
around 8% (Adelson et al., 2004; Varde et al., 1998; Piesman, Donahue, Mather
and Spielman, 1986; Piesman, Mather, Donahue, Levine, Campbell, Karakashian
and Spielman, 1986).
118
Compartment Model for Prevalence
0
5
10
15
20
25
30
0
0.
01
0.
02
0.
03
0.
04
0.
05
0.
06
0.
07
0.
08
0.
090.
1
tim
e
ye
ar
s
ν
k
Proportion7of7infected7unfed7
nymphs7to7total7unfed7nymphs
0
5
10
15
20
25
30
0
0.
01
0.
02
0.
03
0.
04
0.
05
0.
06
0.
07
0.
08
0.
090.
1
tim
e
ye
ar
s
ν
k
Proportion7of7infected7unfed7
nymphs7to7total7unfed7nymphs
0
5
10
15
20
25
30
0.
1
0.
10
5
0.
11
0.
11
5
0.
12
0.
12
5
0.
13
0.
13
5
0.
14
0.
14
5
tim
e
ye
ar
s
ν
k
0
5
10
15
20
25
30
0.
1
0.
11
0.
12
0.
13
0.
14
0.
15
0.
16
tim
e
ye
ar
s
ν
k
20
11
20
13
BlockIsland Connecticut
Proportion7of7infected7unfed7
nymphs7to7total7unfed7nymphs
Proportion7of7infected7unfed7
nymphs7to7total7unfed7nymphs
F
ig
u
re
7
.6
:
T
h
e
p
ro
p
or
ti
on
of
B
.
m
ic
ro
ti
in
fe
ct
ed
u
n
fe
d
n
y
m
p
h
s
to
to
ta
l
u
n
fe
d
n
y
m
p
h
s
ν k
ge
n
er
at
ed
fr
om
th
e
S
I j
C
m
o
d
el
at
B
lo
ck
Is
la
n
d
an
d
C
on
n
ec
ti
cu
t
fo
r
20
11
an
d
20
13
.
E
q
u
il
ib
ri
u
m
p
re
va
le
n
ce
is
p
re
d
ic
te
d
at
B
lo
ck
Is
la
n
d
fo
r
b
ot
h
20
11
an
d
20
13
.
P
at
h
og
en
fa
d
e
ou
t
o
cc
u
rs
at
C
on
n
ec
ti
cu
t
fo
r
b
ot
h
ye
ar
s.
119
Chapter 7
The model predicts fade out of B. microti in the endemic inland site at Con-
necticut, for both 2011 and 2013 (see Figure 7.6). The 2011 result corresponds to
the R0 < 1 estimate given in Table 5.2. The 2013 estimate is inconsistent in that
we predict emergence at Connecticut from the R0 model. There are two possi-
ble explanations. The first is that nymphal burdens at Connecticut are very low,
especially compared to that of Block Island (see Chapter 3 Figure 3.4 and 3.5).
These burdens are also quite low compared to the larval burdens for the same year.
This suggests that we may be over estimating the survivorship of larval ticks, the
parameter sN in the R0 model. In fact to calculate R0 we set this parameter to be
0.4 and if these burdens are representative of what could be expected across other
years then sN may be as low as, say, 0.05. Decreasing sN would see R0 drop to
well below one.
The second plausible reason is that the prevalence model may be sensitive to
co-aggregation and co-infection, which are at this point, only included in the R0
model. Co-aggregation has the effect of lifting the nymphal burden on a subset of
mice who also feed many larvae and consequently increases transmission (this is
discussed further below). The p¯j are also raised when coinfection is included which
increases the νk directly. In endemic sites, higher nymphal infection prevalence
with B. burgdorferi in year t is expected to result in higher prevalence of B.
microti infected nymphs in year t + 1, since mice infected with B. burgdorferi in
year t will transmit B. microti with higher efficiency and hence a larger proportion
of larvae with be infected with B. microti. It is expected that this will increase
the equilibrium prevalence. Given that increased prevalence is a likely outcome of
including co-aggregation and coinfection, a full model is graphically represented
in the future work section of the next chapter.
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The transmission cycle of B. microti results in an interesting difference in
the formulations of the R0 model for emergence and the compartment model for
prevalence. Notably, the expression for R0 is a function of the full larval burden
and the activity of nymphs whereas the prevalence model ODE system has a force
of infection that is a function of the full nymphal burden and the activity of the
larvae. Hence there is a difference in that the R0 model is sensitive to the larval
burden Z¯L(t) and the prevalence model is dependant upon the nymph burden
Z¯N(t). The inconsistency in the Connecticut result possibly arises because of an
inconsistency in the relationship between the two burdens which is related to the
parameter sN , which we may be overestimating for Connecticut. To resolve this
site specific estimates of sN are required.
121

CHAPTER 8
Conclusions and future work
Chapter 8
Conclusions
This thesis sought to answer the question, “what are the key factors that de-
termine emergence and persistence of the Babesia microti pathogen and hence
Human Babesiosis?”, which is an emerging infectious disease in the United States.
To answer this question several mathematical models were constructed to describe
transmission back and forth between Ixodes scapularis ticks and white-footed mice.
A parsimonious, mechanistic model of the basic reproduction number, R0, was de-
veloped that accounted for the complex tick life-cycle and phenology as well as
an experimentally observed interaction with B. burgdorferi within the vertebrate
host. A novel compartment model for the prevalence of B. microti in nymphal
ticks, representing the risk of transmission to humans given a tick bite, was also
developed. Both models were parameterised with field and laboratory studies,
achieving the aim of producing models that have the potential to be validated
with future fieldwork. The models developed in this work are parsimonious. The
formulations for both R0 and the compartment model have a low number of pa-
rameters but take into account the seasonality and unique biology of the system.
Emergence
A simple mechanistic model for the basic reproduction number for B. microti which
wholly, or almost wholly, depends on systemic transmission to and from vertebrate
hosts has been developed. Local and global sensitivity analyses were conducted to
determine the factors that contribute to the variation in R0. The results indicated
that a key determinant of R0 is the proportion of fed larval Ixodes scapularis that
survive to become host-seeking nymphs and find a competent host, two param-
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eters whose ranges remain unknown. The analyses also identified the efficiency
of transmission from vertebrate hosts to larval Ixodes scapularis as important, at
least in part because of interaction with tick phenology. These results provide a
contrast with other vector-borne diseases, such as plague and malaria where the
proportion or abundance of feeding vectors or the ratio of hosts to vectors is con-
sidered critical (see Anderson and May (1991), Keeling and Rohani (2008), May
and Anderson (1979) for theory and Macdonald (1957), Reijniers et al. (2012) for
examples). This is not to say that tick burden is irrelevant for the emergence of B.
microti (in fact it has been shown in this thesis that the distribution of tick bur-
den is particularly relevant when considering co-aggregation), but that even with
the very broad ranges for the numbers of ticks on hosts, the sensitivity analyses
consistently ranked other factors as more important.
In interpreting the results of the global sensitivity analysis, it is important
to note that for some parameters very broad ranges were defined because there
was little information about the parameter. This is important to understand
because Sobol’s indices may rank a parameter highly simply because there is high
uncertainty. This is quite different to when high variability, either across sites
or across time, has been observed for a parameter. It may therefore be the case
that when the true variation in a parameter is better known, it may be ranked
differently. The typical values of c and sN are unknown and may vary inter-
annually and dramatically from one site to another. There may be ways to measure
at least the product of sN and c. Intensive tick dragging data could be compared
to the burden on white-footed mice (and/or other hosts) over two consecutive
years with the assumption that the nymphs collected from white-footed mice are
the larvae that fed on white-footed mice the year before. Dividing the area under
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the expected nymphal burden in year two by the area under the expected larval
burden in year one, sN × c can be estimated. This relies on the availability of two
consecutive years of burden data, which were not available for this thesis.
It has also been demonstrated that infection of a reservoir host population with
B. burgdorferi can potentially modify the ecological conditions under which B.
microti can establish such that when Borrelia burgdorferi is absent, R0 is below
one, and when B. burgdorferi is present, R0 is above one. The prior enzootic
establishment of B. burgdorferi may thus facilitate the geographic expansion of
B. microti. This suggests that control of B. burgdorferi in reservoir populations
could slow the geographic spread of B. microti because in some circumstances it
will lower R0 to less than one. Additionally, the interaction between burden curves
and transmission efficiency provided insight into the conditions for emergence of
B. microti whereby larvae must become active before pathogen clearance within
the vertebrate host. Because of this interaction and the known co-aggregation of
larvae and nymphs on white-footed mice, a full model for R0 with co-aggregation
and coinfection was formulated to explain low R0 estimates for field sites where
B. microti is endemic. An upper bound of R0 was calculated from this model.
The results indicated that moderate co-aggregation can explain how B. microti
establishes and persists in Connecticut.
The estimated values ofR0, presented here and in the previous work of Hartemink
et al. (2008) and in Davis and Bent (2011), are consistently low (the median value
in the present analysis was just 1.32). The magnitude of R0 is an index of the
control effort required to eliminate a pathogen. The values given in this thesis for
B. microti are not high and are encouraging in the sense that they imply it may
be feasible, at least for some parts of the geographical range of these pathogens,
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to cause local fade out of tick-borne pathogens through either vaccination or by
lowering the mean survival rate of fed larvae.
Prevalence
The model for prevalence combined a compartment ODE system with a discrete
time component for the proportion of infected unfed nymphal ticks. It was found
that prevalence at Block Island was around 13-15% which is well within the ranges
of B. microti prevalence that is found in the literature (Adelson et al., 2004; Varde
et al., 1998; Piesman, Donahue, Mather and Spielman, 1986; Piesman, Mather,
Donahue, Levine, Campbell, Karakashian and Spielman, 1986).
The results for the Connecticut field site were fade out of the pathogen for
both years. A probable cause for this, given B. microti is endemic at this site and
our estimate of R0 for this site in 2013 was greater than one, is overestimation
of sN × c. The prevalence model uses the field observations of nymphal burdens
on mice, which are not used for calculating R0. Comparing the burdens in Figure
3.4 and 3.5, the nymphal burden is much smaller than the larval burden for the
Connecticut field site which hints that sN × c may be quite low for this site.
Co-aggregation and coinfection were not included in the prevalence model, and
given the dependance of R0 on these factors, equilibrium prevalence may be un-
derestimated. This initial model though serves as the basis for further multi-
host, multi-pathogen models that can be used to predict the consequences of
co-aggregation and co-infection on the prevalence of B. microti in host-seeking
nymphs.
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Chapter 8
The future of tick-borne pathogen modelling
Extensions of the modeling approach used in this study may provide an important
tool to predict areas of potential emergence of other I. scapularis-borne pathogens,
such as Anaplasma phagocytophilum, Borrelia miyamotoi and Powassan virus.
Like B. microti, these pathogens are probably less efficiently transmitted than
B. burgdorferi as evidenced by their lower infection prevalence and patchier ge-
ographic distribution. Transmission enhancement due to coinfection, combined
with synchrony in immature tick feeding may be the key ecological determinants
for these tick-borne pathogens too.
The compartment model for prevalence forms a base model for the development
of a full model that incorporates both co-aggregation and coinfection. A graphical
representation for the prevalence model if co-aggreagtion and coinfection data were
incorporated is shown in Figure 8.1. The model becomes a very large system of
differential equations with four sub-populations of mice and a force of infection
dependant on the dynamics of all the infectious and chronically infectious classes
in the previous year.
The parsimonious models presented here may be the basis for integrated man-
agement of tick-borne pathogens. There are several management practices cur-
rently employed to target the spread of tick-borne pathogens. These include the
application of acaricides, reduction in deer density and mouse vaccination. Until
recently there has been no work directed towards an integrated approach that looks
at the combined effects of these interventions. Guided by a validated model, com-
bining management practices may reduce the effort needed to lower the incidence
rate of human infection and to even locally cause fade out of the disease.
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Figure 8.1: The SIjC model with four sub-populations of mice: High burden
mice (A) infected with B. burgdorferi ‡, low burden mice (M) infected with B.
burgdorferi ‡, high burden mice (A) not infected with B. burgdorferi and low
burden mice (M) not infected with B. burgdorferi.
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The dynamics of the time since infection
Biologically speaking it is expected the infectious period to always be closely cen-
tered at the mean. This is not true of the basic SIC model. In this model, the term
for recovering infectives is γI with γ the per capita recovery rate and I the number
of infectives. Integrating this term we see that the assumption of constant recov-
ery implies an unrealistic exponentially distributed infectious period with mean
duration 1
γ
(Figure A.1).
Modifying the structure of the basic model to the compartmental SIC intro-
duces a biologically realistic distribution for the infectious period, with movement
into the C class dependent on the time since infection. In the compartmental
model given in Equation 7.1 individuals pass through a series of n − 1 infectious
periods with individuals finally reaching in the nth stage representing low chronic
infectivity.
As with the basic SIC model, the time spent in each of the n − 1 infectious
compartments of the SIjC model is exponentially distributed. However, the total
time spent in the n−1 compartments is given by the sum of the (n−1)j independent
exponential distributions (Lloyd, 2001). On assuming that the time spent in each
stage is identical, that is, γ1 = γ2 = · · · = γn−1 and exponentially distributed I(t)i
∼ Exp(γt) then I(t)1 + · · ·+ I(t)n−1 ∼ Erlang(n− 1, γ).
The density function of the infectious period with individuals infected τ days
ago is hence given by
f(τ) =
(γ(n− 1))n−1
Γ(n− 1) τ
n−2exp−γ(n−1)τ
with mean infectious period
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E[γ] = E[
n−1∑
j=1
γj] =
n−1∑
j=1
E[γj].
The probability of being infectious after time T is given in Keeling and Rohani
(2008) as
Pr(infected after time T) =
∫ ∞
T
f(τ) dτ.
As n → ∞ all individuals spend the same amount of time in the infectious
period. In the compartment model 7.1, n = 7, γ = 1
42
and (n − 1)γ = 1
7
and the
density function of the infectious period takes the form
f(τ) =
1
14227880
τ 5exp(−1
7
τ).
A comparison of the density functions of the basic SIC model and the com-
partment SIjC model are plotted together in Figure A.1. Of course this is only for
the I components and neglects the time spent in the chronic class.
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Figure A.1: The probability density function of the infectious period for the
basic SIC model with exponential distribution and the biologically realistic com-
partmental SIjC model with Erlang distribution. Here, the average total time
is 42 days giving γ = 142 and n=7 compartmental periods with γ(n− 1) = 17 .
134
References
Adelson, M. E., Rao, R. V., Tilton, R. C., Cabets, K., Eskow, E., Fein, L., Occi,
J. L. and Moredechai, E. (2004), ‘Prevalence of borrelia burgdorferi , bartonella
spp., babesia microti , and anaplasma phagocytophila in ixodes scapularis ticks
collected in Northern New Jersey’, Journal of Clinical Microbiology 42(6), 2799–
2801.
Anderson, J. F., Johnson, R., Mangarelli, L., Hyde, F. and Myers, J. E. (1987),
‘Prevalence of borrelia burgdorferi and babesia microti in mice on islands inhab-
ited by white-tailed deer’, Applied and Environmental Microbiology 53(4), 892–
894.
Anderson, R. M. and May, R. M. (1991), Infectious diseases of humans: dynamics
and control, Oxford University Press, Oxford.
Aranda, D. F., Trejos, D. Y. and abd R. J. Villanueva, J. C. V. (2012), ‘A mathe-
matical model for babesiosis disease in bovine and tick populations’, Mathemat-
ical Methods in Applied Systems 35(3), 249–256.
Awebuch, T. E. and Spielman, A. (1992), Host density and tick dynaimcs: the
case of the vector of Lyme disease, in J. W. Hansen and B. D. Perry, eds, ‘Mod-
135
elling vector-borne and other parasitic diseases’, The international laboratory
on animal diseases.
Begon, M. (2008), Effects of host diversity on disease dynamics, Princeton Uni-
versity Press.
Bentwich, Z., Kalinkovich, A. and Weisman, Z. (1995), ‘Environment and
helminthic infections influence host immunity and alter susceptibility and course
of HIV infection’, Aids Research and Human Retroviruses 11, S109–S109.
Bouchard, C., Beauchamp, G., Leighton, P. A., Lindsay, R., Belanger, D. and
Ogden, N. H. (2013), ‘Does high biodiversity reduce the risk of lyme disease
invasion?’, Parasites &Juran1962 Vectors 6, 195.
Brunner, J. L., Cheny, L., Keesing, F., Killilea, M., Logiudice, K., Previtali, A.
and Ostfeld, R. S. (2011), ‘Molting success of ixodes scapularis varies anount
individual meal hosts and species’, Journal of Medical Entomology 48(4), 860–
866.
Brunner, J. L. and Ostfeld, R. S. (2008), ‘Multiple causes of variable tick burdens
on small-mammal hosts’, Ecology 89(8), 2259–2272.
Centers for Disease Control and Prevention (2012), ‘Morbid-
ity and mortality weekly report: Babesiosis surveillance 2011’,
http://www.cdc.gov/mmwr/preview/mmwrhtml/mm6127a2.htm.
Centers for Disease Control and Prevention - National Center for Emerging and
Zoonotic Diseases, Division of Vector-Borne Diseases (2012), ‘Interactive Lyme
disease map’, http://www.cdc.gov/lyme/states/maps/interactiveMaps.html.
136
Centers for Disease Control and Prevention (2013), ‘Tickborne diseases of the US’,
http://www.cdc.gov/ticks/diseases.
Crofton, H. (1971), ‘A quantitative approach to parasitism’, Parasitology 62, 179–
193.
Davis, S., Aksoy, S. and Galvani, A. (2011), ‘A global sensitivity analysis for
African sleeping sickness’, Parsitology 138(4), 516–526.
Davis, S. and Bent, S. J. (2011), ‘Loop analysis for pathogens: niche partition-
ing in the transmission graph for pathogens of the North American tick Ixodes
scapularis ’, Journal of Theoretical Biology 269, 96–103.
Derda´kova´, M., Dudio`a´k, V., Brei, B., Brownstein, J. S. and I. Schwartz, D. F.
(2004), ‘Interation and transmission of two Borrelia burgorferi sensu stricto
strains in a tick-rodent maintenance system’, Applied Environmental Microbiol-
ogy 70, 6783–6788.
Devevey, G. and Brisson, D. (2012), ‘The effects of heterogeneity on the aggrega-
tion of ticks on white-footed mice’, Parasitology 139(7), 915–925.
Diekmann, O. and Heesterbeek, J. A. P. (2000), Mathematical epidemiology of
infectious diseases: Model building, analysis and interpretation, John Wiley and
Sons.
Diekmann, O., Heesterbeek, J. A. P. and Metz, J. A. J. (1990), ‘On the definition
and the computation of the basic reproduction ratio R0 in models for infec-
tious diseases in heterogeneous populations’, Journal of Mathematical Biology
28, 365–382.
137
Diekmann, O., Heesterbeek, J. A. P. and Roberts, M. G. (2010), ‘The construction
of next-generation matrices for compartmental epidemic models’, Journal of the
Royal Society Interface 7, 873–885.
Dietz, K. (1967), ‘Epidemics and rumours: A survey’, Journal of the Royal Statis-
tical Society: Series A (General) 130(4), 505–528.
Dietz, K. (1993), ‘The estimation of the basic reproduction number for infectious
diseases’, Statistical Methods in Medical Research 2(1), 23–41.
Diuk-Wasser, M., Vourc’h, G., Cislo, P., Gatewood-Hoen, A., Melton, F., Hamer,
S., Rowland, M., Cortinas, R., Hickling, G., Tsao, J., Barbour, A., Kitron, U.,
Piesman, U. and Fish, D. (2010), ‘Field and climate-based model for predict-
ing the density of host-seeking nymphal Ixodes scapularis, an important vector
of tick-borne disease agents in the eastern United States’, Global Ecology and
Biogeography 19, 504–514.
Dolan, M. C., Schulze, T. L., Jordan, R. A., Dietrich, G., Schulze, C. J., Hoj-
gaard, A., Ullmann, A. J., Sackal, C., Zeidnerand, N. S. and Piesman, J. (2011),
‘Elimination of Borrelia burgdorferi and Anaplasma phagocytophilum in rodent
reservoirs and Ixodes scapularis ticks using a doxycycline hyclate-laden bait’,
American Journal of Tropical Medicine and Hygiene 85(6), 1114–1120.
Donahue, J. G., Piesman, J. and Spielman, A. (1987), ‘Reservoir compentence of
white-footed mice for Lyme disease spirochetes’, American Journal of Tropical
Medicine and Hygiene 36(1), 92–96.
Druilhe, P., Tall, A. and Sokhna, C. (2005), ‘Worms can worsen malaria: towards
a new means to roll back malaria’, Trends in Parasitology 21(8), 359–362.
138
Efron, B. (1979), ‘Bootstrap methods: Another look at the jackknife’, Annals of
Statistics 7(1), 1–26.
Etkind, P., Piesman, J., II, T. R., Spielman, A. and Juranek, D. (1980), ‘Methods
for detecting Babesia microti infection in wild rodents’, The Journal of Para-
sitology 66(1), 107–110.
Ferguson, M. N., Cauchemez, D. A. T., Fraser, C., Riley, S., Meeyai, A., Iam-
sirithaworn, S. and Burke, D. S. (2005), ‘Strategies for containing an emerging
influenza pandemic in Southeast Asia’, Nature 437(7056), 209–214.
Foppa, M. (2005), ‘The basic reproductive number of tick-borne encephalitis virus.
an empirical approach.’, Journal of Theoretical Biology 51(6), 616–628.
Gatewood, A. G., Liebman, K. A., Vourc’h, G., Bunikis, J., Hamer, S. A., Corti-
nas, R., Melton, F., Cislo, P., Kitron, U., Tsao, J., Barbour, A. G., Fish, D.
and Diuk-Wasser, M. A. (2009), ‘Climate and tick seasonality are predictors of
Borrelia burgdorferi genotype distribution’, Applied Environmental Microbiol-
ogy 75(8), 2476–2483.
Ghosh, M. and Puliese, A. (2004), ‘Seasonal population dynamics of ticks, and
its influence on infection transmission: a semi-discrete approach’, Bulletin of
Mathematical Biology 66, 1659–1684.
Grassly, N. C. and Fraser, C. (2006), ‘Seasonal infectious disease epidemiology’,
Proceedings of the royal society B 273, 2541–2250.
Gray, J., von Stedingk, L. V., Gu¨rtelshmidt, M. and Granstro¨m, M. (2002), ‘Trans-
139
mission studies of Babesia microti in Ixodes ricinus in ticks and gerbils’, Journal
of Clinical Microbiology 40(4), 1259–1263.
Gray, J., Zintl, A., Hildebrant, A., Hunfeld, K. P. and Weiss, L. (2010), ‘Zoonotic
babesiosis: overview of the disease and novel aspects of pathogen identity’, Ticks
and Tick-borne Diseases 1, 3–10.
Gubbins, S., Carpenter, S., Bayliss, M., Wood, J. L. and Mellor, P. S. (2008),
‘Assessing the risk of bluetounge to UK livestock: uncertainty and sensitivity
analyses of a temperature-dependent model for the basic reproduction number’,
Journal of the Royal Society Interface 5, 363–371.
Hanincova´, K., Ogden, N. H., Diuk-Wasser, M., Pappas, C. J., Iyer, R., Fish,
D., Schwartz, I. and Kurtenbach, K. (2008), ‘Fitness variation of Borrelia
burgdorferi sensu stricto strains in mice’, Applied Environmental Microbiology
74(1), 153–157.
Hartemink, N. A., Randolph, S. E., Davis, S. A. and Heesterbeek, J. A. P. (2008),
‘The basic reproduction number for complex disease systems: Defining R0 for
tick-borne pathogens’, American Naturalist 171(6), 743–754.
Haven, J., Magori, K. and Park, A. W. (2012), ‘Ecological and inhost factors
promoting distinct parasite life-history strategies in Lyme borreiosis’, Epidemics
4(3), 152–157.
Healy, G., Spielman, A. and Gleason, N. (1976), ‘Human babesiosis: reservoir in
infection on nantucked island’, Science 192(4238), 479–480.
140
Heffernan, J. M., Smith, R. J. and Wahl, L. M. (2005), ‘Perspectives on the basic
reproductive ratio’, Journal of the Royal Society Interface 2(4), 281–293.
Hunfeld, K., Hildebrant, A. and Gray, J. (2008), ‘Babesiosis: Recent insights into
an ancient disease’, International Journal for Parasitology 38, 1219–1237.
Jackson, W. (1952), ‘Populations of the wood mouse peromyscus leucopus’, Eco-
logical Monographs 22, 295–281.
Jacquot, J. J. and Vessey, S. H. (1998), ‘Recruitment in white-footed mice (per-
omyscus leucopus) as a function of litter size and parity and season’, Journal of
Mammalogy 79(1), 312–219.
Jones, K. E., Patel, N. G., Levy, M. A., Storeygard, A., abd J. L. Gittleman, D. B.
and Daszak, P. (2008), ‘Global trends in emerging infectious diseases’, Nature
451(7181), 990–993.
Juran, J. M., Seder, L. A. and Gryna, F. M. (1962), The qualty control handbook,
McGraw Hill, USA.
Keeling, M. J. and Rohani, P. R. (2008), Modeling infectious diseases in humans
and animals, Princeton University Press, Princeton.
Kirkpatrick, S., Gelatt, C. D. and Vecchi, M. P. (1983), ‘Optimization by simulated
annealing’, Science 220(4598), 671–680.
Kurtenback, K., Hanincova´, K., Tsao, J. I., Margos, G., Fish, D. and Ogden, N. H.
(2006), ‘Fundamental processes in the evolution ecology of Lyme borreliosis’,
Nature Reviews Microbiology 4, 660–669.
141
Lackey, J. A. (1978), Reproduction, growth and development in high-latitude and
low-latitude populations of Peromyscus leucopus (Rodentia), PhD thesis, Uni-
versity of Michigan.
Lackey, J. A., Huckaby, D. G. and Orniston, B. G. (1985), ‘Peromyscus leucopus’,
Mammalian Species 247, 1–10.
Laporta, G., de Prado, P., Kraenkel, R., Coutinho, R. and Sallum, M. (2013), ‘Bio-
diversity can help prevent malaria outbreaks in tropical forests’, PLoS Neglected
Tropical Diseases 7(3), 1935–2727.
Lawn, S. D., Bekker, L. G., Middelkoop, L., Myer, L. and Wood, R. (2006),
‘Impact of HIV infection on the epidemiology of tuberculosis in a peri-urban
community in South Africa: the need for age-specific interventions’, Clinical
Infectious Diseases 42(7), 1040–1047.
Lello, J., Norman, P. A., Boag, B., Hudson, P. J. and Fenton, A. (2008),
‘Pathogen interactions, population cycles, and phase shifts’, American Natu-
ralist 171(2), 176–182.
Levi, T., Kilpatrick, A. M., Mangel, M. and Wilmers, C. C. (2012), ‘Deer, preda-
tors, and the emergence of Lyme disease’, Proceedings of the National Academy
of Sciences of the United States of America .
Levine, J. F., Wilson, M. L. and Spielman, A. (1985), ‘Mice as reservoir hosts
of the Lyme disease spirochete’, American Journal of Tropical Medicine and
Hygiene 34(2), 355–360.
142
Li, S., Hartemink, N., Speybroeck, N. and Vanwambeke, S. O. (2012), ‘Conse-
quences of landscape fragmentation on Lyme disease risk: A cellular automata
approach’, PLoS ONE 7(6).
Lloyd, A. L. (2001), ‘Destabilization of epidemic models with the inclusion of
realistic distributions of infectious periods’, Proceedings of the Royal Society B
268, 985–993.
Lloyd-Smith, O. J. (2007), ‘Maximum likelihood estimation of the negative bino-
mial dispersion parameter for highly overdispersed data, with applications to
infectious diseases’, PLoS ONE 2(2).
LoGiudice, L., Ostfeld, R. S., Schmidt, K. A. and Keesing, F. (2003), ‘The ecol-
ogy of infectious disease: Effects of host diversity and community composition
on Lyme disease risk’, Proceedings of the National Academy of Sciences of the
United States of America 100(2), 567–571.
Lopez-Villavicencio, M., Courjol, F., Gibson, A. K., Hood, M. E., Jorot, O.,
Shykoff, J. A. and Giraud, T. (2011), ‘Competition, cooperation among kin,
and virulence in multiple infections’, Evolution 65(5), 1357–1366.
Macdonald, G. (1957), The epidemiology and control of malaria, Oxford University
Press, Oxford.
Magnarelli, L. A., Anderson, J. F., III, K. C. S. and Dumler, J. S. (1997), ‘An-
tibodies to multiple tick-borne pathogens of babesiosis, ehrlichiosis, and Lyme
borreliosis in white-footed mice’, Journal of Wildlife Diseases 33(3), 466–473.
143
Mather, T. N., Telford, S. R., Moore, S. I. and Spielman, A. (1990), ‘Borrelia-
Burgdorferi and Babesia-Microti -efficiency of transmission from reservoirs to
vector ticks (Ixodes dammini)’, Experimental Parasitology 70, 55–61.
Mather, T. N., Wilson, M. L., Moore, S. I., Ribeiro, J. M. and Spielman., A.
(1989), ‘Comparing the relative potential of rodents as reservoirs of the Lyme
disease spirochete (Borrelia burgdorferi)’, American Journal of Epidemiology
130, 143–150.
Matser, A., Hartemink, N., Heesterbeek, H., Galvani, A. and Davis, S. (2009),
‘Elasticity analysis in epidemiology: an application to tick-borne infections’,
Ecology Letters 12, 1298–1305.
May, R. M. and Anderson, R. M. (1979), ‘Population biology of infectious diseases:
part II’, Nature 280, 455–461.
Nazario, S., Das, S., Silva, A. M. D., Deponte, K., Marcantonio, N., Anderson,
J. F. and Kantor, F. S. (1998), ‘Prevention of borrelia burgdorferi transmission
in guinea pigs by tick immunity’, American Journal of Tropical Medicine and
Hygiene 58(6), 780–785.
Norman, R., Bowers, R. G., Begon, M. and Hudson, P. J. (1999), ‘Persistence
of tick-borne virus in the presence of multiple host species: tick reservoirs and
parasite mediated competition’, Journal of Theoretical Biology 200, 111–118.
Ogden, N. H., Bigras-Poulin, M., O’Callaghan, C. J., Barker, I. K., Kurtenbach,
K., Lindsay, L. R. and Charron, D. F. (2007), ‘Vector seasonality, host infection
dynamics and fitness of pathogens transmitted by the tick Ixodes scapularis ’,
Parasitology 134(2), 209–227.
144
Oliveira, M. R. and Kreier, J. P. (1979), ‘Transmission of Babesia microti using
various species of ticks as vectors’, Journal of Parasitology 65, 816–817.
Ostfeld, R. S., Hazler, K. R. and Crepeda, O. M. (1996), ‘Temporal and spatial
synamics of ticks (Ixodes scapularis) in a rural landscape’, Journal of Medical
Entomology 33, 90–95.
Piesman, J. and Beard, C. B. (2012), ‘Prevention of tick-borne diseases’, Journal
of Environmental Health 74(10), 30–32.
Piesman, J., Donahue, J. G., Mather, T. N. and Spielman, A. (1986), ‘Transo-
varially aquired lyme disease spirochetes (Borrelia burgdorferi) in field-collected
larval Ixodes dammini (acari:ixodidae)’, Journal of Medical Entomology 23, 219.
Piesman, J. and Gern, L. (2004), ‘Lyme borreliosis in Europe and North America’,
Parasitology 129, S191–S220.
Piesman, J. and Happ, C. M. (2001), ‘The efficacy of co-feeding as a means of
maintaining Borrelia burgdorferi : a North American model system’, Journal of
Vector Ecology 26, 216–220.
Piesman, J., Mather, T. N., Donahue, J. G., Levine, L., Campbell, J. D.,
Karakashian, S. J. and Spielman, A. (1986), ‘Comparative prevalence of babesia
microti and borrelia burgdorferi in four populations of ixodes dammini in eastern
Massachusetts’, ACTA Tropica 43(4), 263–270.
Piesman, J., Mather, T. N., Sinsky, R. J. and Spielman, A. (1987), ‘Duration
of tick attachment and Borrelia burgdorferi transmission’, Journal of Clinical
Microbiology 25(3), 557–558.
145
Piesman, J. and Spielman, A. (1982), ‘Babesia mictoti : infectivity of parasites from
ticks for hamsters and white-footed mice’, Experimental Parsitology 53(2), 242–
248.
Pujol, G., Iooss, B. and Janon, A. (2012), Package: Sensitivity, R Project.
Randolph, S. E. and Craine, N. G. (1995), ‘General framework for comparative
quantitative studies on transmission of tick-borne diseases using lyme borreliosis
in europe as an example’, Journal of Medical Entomology 32, 765–777.
Randolph, S. E., Green, R. M., Peacey, M. F. and Rodgers, D. J. (2000), ‘Seasonal
snychrony: the key to tick-borne encephalitis foci identified by satellite data’,
Parasitology 121, 15–23.
Randolph, S., Gern, L. and Nuttall, P. A. (1996), ‘Co-feeding ticks: Epidemi-
ological significance for tick-borne pathogen transmission’, Parasitology Today
12(12), 472–479.
Reijniers, J., Davis, S., Begon, M., Heesterbeek, J. A. P., Ageyev, V. S. and Leirs,
H. (2012), ‘A curve of thresholds governs plague epizootics in Central Asia’,
Ecology Letters 15, 554–560.
Richer, L. M., Aroso, M., Contente-Cuomo, T., Ivanova, L. and Gomes-Solecki, M.
(2011), ‘Reservoir targeted vaccine for Lyme borreliosis induces a yearlong, neu-
tralizing antibody response to OspA in white-footed mice’, Clinical and Vaccine
Immunology 18(11), 1809–1816.
Roberts, M. and Heesterbeek, J. A. P. (2003), ‘A new method for estimating the
146
effort required to control an infectious disease’, Proceedings of the Royal Society
B 270(1522), 1359–1364.
Rollend, L., Fish, D. and Childs, J. E. (2013), ‘Transovarial transmission of Bor-
relia spirochetes by Ixodes scapularis : a summary of the literature and recent
observations’, Ticks and Tick-borne Diseases 2(1–2), 46–51.
Rosa, R., abd R. Normal, A. P. and Hudson, P. J. (2003), ‘Thresholds for dis-
ease persistence in models for tick-borne infections including non-viramic trans-
mission, extended feeding and tick aggregation’, Journal of Theoretical Biology
224, 359–376.
Rosa, R. and Pugliese, A. (2007), ‘Effects of tick population dynamics and host
densities on the persistence of tick-borne infections’, Mathematical Biosciences
208, 216–240.
Saltelli, A. (2002), ‘Making best use of model evaluations to compute sensitivity
indices’, Computer Physics Communications 154(2), 580–297.
Saltelli, A., Ratto, M., Andres, T., Campolongo, F., Cariboni, J., Gatelli, D.,
Saisana, M. and Tarantola, S. (2008), Global sensitivity analysis. The primer.,
John Wiley and Sons Ltd, West Sussex.
Sanchez, M. A. and Blower, S. M. (1997), ‘Uncertainty and sensitivity analysis of
the basic reproductive rate’, American Journal of Epidemiology 145, 1127–1137.
Schauber, E. M. and Ostfeld, R. S. (2002), ‘Modeling the effects of reservoir com-
petence decay and demographic turnover in Lyme disease ecology’, Ecological
Applications 12(4), 1142–1162.
147
Schmidt, K. A. and Ostfeld, R. S. (2001), ‘Biodiversity and the dilution effect in
disease ecology’, Ecology 82(3), 609–619.
Schug, M. D., Vessey, S. H. and Korytko, A. I. (1991), ‘Longevity and survival in a
population of white-footed mice (Peromyscus leucopus)’, Journal of Mammalogy
72(2), 360–366.
Shaw, D. and Dobson, A. (1995), ‘Patterns of macroparasite abundance and aggre-
gation in wildlife populations: a quantitative review’, Parasitology 111, 111–133.
Snyder, D. P. (1956), Survival rates, longevity, and population fluctuations in the
white-footed mouse, Peromyscus leucopus, in Southeastern Michigan, in ‘Mis-
cellaneous Publications’, Vol. 95, Museum of Zoology, University of Michigan.
Sobol’, I. M. (1993), ‘Sensitivity analysis for non-linear mathematical models’,
Mathematical Modelling and Computational Experiment 1, 407–414.
Spielman, A., Etkind, P., Piesman, J., Ruebusj, T., Juranek, D. and Jacobs, M.
(1981), ‘Reservoir hosts of human babesiosis on nantucket island’, The American
Journal of Tropical Medicine and Hygiene 30(3), 560–565.
Spielman, A., Wilson, M. L., Levine, J. F. and Piesman, J. (1985), ‘Ecology of
Ixodes dammini -borne human babesiosis and Lyme disease’, Annual Review of
Entomology 30, 439–460.
Telfer, S., abd R. Birtles, X. L., Beldomenico, P., Burthe, S., Paterson, S. and
Begon, M. (2010), ‘Species interactions in a parasite community drive infection
risk in a wildlife population’, Science 330(6001), 243–246.
148
Tsao, J. I., Wootton, J. T., Bunikis, J., Luna, M. G., Fish, D. and Barbour, A. G.
(2004), ‘An ecological approach to preventing human infection: Vaccinating
wild mouse reservoirs intervenes in the Lyme disease cycle’, Proceedings of the
National Academy of Sciences of the United States of America 101(52), 18159–
18164.
Tsao, K., Fish, D. and Galvani, A. P. (2012), ‘Predicted outcomes of vaccinating
wildlife to reduce human risk of Lyme disease’, Vector-borne Zoonotic Diseases
12(7), 544–551.
Uilenberg, G. (2006), ‘Babesia: a historical overview’, Veterinary Parasitology
138, 3–10.
Varde, S., Beckley, J. and Schwartz, I. (1998), ‘Prevalence of tick-borne pathogens
in ixodes scapularis in a rural New Jersey County’, Emerging Infectious Diseases
4(1), 97–99.
Voordouw, M. J., Tupper, H., Onder, O., Devevey, G., Graves, C. J., Kemps,
B. D. and Brisson, D. (2013), ‘Reductions in human lyme disease risk due to
the effects of oral vaccination on tick-to-mouse and mouse-to-tick transmission’,
Vectore borne and zoonotic diseases 13(203), 214.
White, D. J., Chang, H. G., Benach, J. L., Bosler, E. M., Meldrum, S. C., Means,
R. G., Debbie, J. G., Birkhead, G. S. and Morse, D. L. (1991), ‘The geographic
spread and temporal increase of the Lyme-disease epidemic’, JAMA-Journal of
the American Medical Association 266(9), 1230–1236.
Woolhouse, M., Dye, C., Etard, J., Smith, T., Chatlwood, J., Garnett, G., Hagan,
P., Hii, J., Ndhlovu, P. and Quineell, R. (1997), ‘Heterogeneities in the trans-
149
mission of infectious agents: implications for the design of control programs.’,
Proceedings of the National Academy of Sciences of the United States of America
94(1), 338–342.
Wu, X., Duwuri, V. R., Luo, Y., Ogden, N. H. and Wu, J. (2013), ‘Developing
a temperature driven map of the basic reproductive number of th emerging
tick vector of Lyme disease Ixodes scapularis in Canada’, Journal of Theoretical
Biology 319(21), 50–61.
Zhang, X., Meltzer, M. I., Pena, C. A., Hopkins, A. B., Worth, L. and Fix,
A. D. (2006), ‘Economic impact of Lyme disease’, Emerging Infectious Diseases
12(4), 653–660.
150
